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Large-scalemapping of soil properties is increasingly important for environmental resourcemanagement.While
forested areas play critical environmental roles at local and global scales, forest soil maps are typically at low res-
olution. The objective of this study was to generate continuous national maps of selected soil variables (C, N and
soil texture) for the Canadian managed forest landbase at 250 m resolution. We produced these maps using the
kNNmethodwith a training dataset of 538 ground-plots from the National Forest Inventory (NFI) across Canada,
and 18 environmental predictor variables. The best predictor variables were selected (7 topographic and 5 cli-
matic variables) using the Least Absolute Shrinkage and Selection Operator method. On average, for all soil var-
iables, topographic predictors explained 37% of the total variance versus 64% for the climatic predictors. The
relative root mean square error (RMSE%) calculated with the leave-one-out cross-validationmethod gave values
ranging between 22% and 99%, depending on the soil variables tested. RMSE values b 40% can be considered a
good imputation in light of the low density of points used in this study. The study demonstrates strong capabil-
ities for mapping forest soil properties at 250m resolution, compared with the current Soil Landscape of Canada
System, which is largely oriented towards the agricultural landbase. The methodology used here can potentially
contribute to the national and international need for spatially explicit soil information in resource management
science.

Crown Copyright © 2014 Published by Elsevier B.V. All rights reserved.
1. Introduction

Canada's forests span over 390 million ha of land, representing 10%
of theworld's forest cover and 30%of theworld's boreal forest;mapping
Canada's forest soil is therefore a huge challenge. Spatially explicit
knowledge of Canada's soil properties is necessary not only for meeting
national forest management needs but also for supporting participation
in international environmental programs and studies.

In Canada, provinces and territories have a fiduciary responsibility
for the stewardship of the natural resources within their administrative
borders. Provincial forest inventory mapping programs follow stan-
dards and definitions specific to their respective jurisdictions, and soil
information provided by these programs is difficult to harmonize across
the country. Since the early 1900s, soil surveys have also been conduct-
ed for Canada's southern areas by a variety of federal and provincial
agencies at scales ranging from 1:20,000 to 1:250,000 (Geng et al.,
2010). Soil surveys traditionally focused on potential agricultural land
for promoting the development of the most populated areas. Since the
early 1980s, national soil maps and accompanying databases have
been provided by the Soil Landscapes of Canada (SLC) as a product of
(N. Mansuy).

r B.V. All rights reserved.
the Canadian Soil Information Service (CanSIS), a component of Agricul-
ture and Agri-Food Canada (Schut et al., 2011). The SLC database con-
sists of 12,728 multi-component map units, with multiple taxonomic
soil classes generalized from detailed soil surveys (Geng et al., 2010).

Although the latest public release of SLC version 3.2 (SLC, 2010) can
be used for a variety of broad-scale spatial modeling applications, its
main focus remains agricultural land with a relatively coarse resolution
(1:1,000,000) using a vector mapping system (polygons) (Schut et al.,
2011); no uncertainty or error assessment is provided. The greatest cov-
erage of the Canadian commercial forest landbase can be found in earli-
er versions of SLC and has not been updated. The later SLC version
provides coverage for areas with a mix of forest and agricultural lands
(e.g. Atlantic Provinces). However, soil polygons in the forest landbase
are very large and imprecise, and are therefore of limited use for forest
policy and management decision-making.

There is a worldwide need for qualitative and spatial soil informa-
tion for environmental monitoring and resource management
(Hartemink et al., 2008; Lagacherie and McBratney, 2006; Sanchez et
al. 2009). Soil is largely regarded as the foundation underlying a forest's
capacity to provide environmental services; understanding, quantifying
and monitoring soil patterns in relation to ecosystem health are there-
fore essential (Grunwald, 2009). Moreover, recent studies have shown
how forest soil information can be used as predictive indicators of site
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suitability/sensitivity to intensive forest management practices such as
biomass harvesting (Hazlett et al., 2014; Thiffault et al., 2014). Such
functional linkage to forest nutrition and management increases the
need for reliable and precise maps of soil properties in commercial for-
ests. However, sparse ormissing data is a common obstacle in soil map-
ping, and may lead to misrepresentations of soil characteristics and
ultimately to inadequate or inappropriate resource management ac-
tions. In response to this situation, scientists around the world are in-
creasingly turning to digital soil mapping and modeling approaches
(DSMM) instead of conventional soil surveys (Grunwald, 2009;
McBratney et al., 2003). DSMM is a broad class of soil map production
methods that capitalizes on the availability of ancillary environmental
predictive variables to generate maps of soil variables using a limited
number of soil data. Thesemethods are very explicit relative to conven-
tional soilmapping. The predictive variables and their respective contri-
butions are identified, error assessments are produced and results are
repeatable.

The goal of this study was therefore to produce standardized grid
maps of forest soils at a scale relevant for strategic-level reporting and
decision-making at regional to national scales featuring selected soil
variables (C, N, and soil texture) for upland forests across the Canadian
commercial forest landbase using the DSMM approach. The overall aim
was to define and test a methodology for soil mapping at 250m resolu-
tion within the Canadian managed forest, which could then be adapted
tomeet other needs. The specific objectiveswere to: 1) identify the best
soil covariates (i.e., environmental predictive variables) for spatially
predicting soil variables in the forest floor and the topmineral horizons
(to a 15 cm depth), 2) run the k-nearest neighbor method (kNN) for in-
terpolating point source forest soil data across landscapes, and 3) eval-
uate the output of predicted (imputed) soil maps by performing
Fig. 1. National Forest Inventory (NFI) ground-plot data (538 points) across the Canadian
internal validation using a leave-one-out method, and by comparing
them with independent soil databases for the area of interest.

2. Materials and methods

2.1. Mapping area

The study area consists of 290 million ha of managed forests within
seven ecozones of Canada illustrated in Fig. 1: Boreal Shield (BS), Atlan-
ticMaritime (AM), PacificMaritime (PM),Montane Cordillera (MC), Bo-
real Plains (BP), Boreal Cordillera (BC), and Taiga Plains (TP). The
ecozones are at the top level of the Ecological Framework of Canada
which defines the ecological mosaic of the country on a subcontinental
scale (Ecological Stratification Working Group, 1996). The analysis was
limited to the forested Canadian ecozones as defined by the National
Forest Inventory and that have available and exploitable georeferenced
soil legacy data. Therefore, Northern Taiga, the Arctic, the Prairies, the
Mixedwood Plains and the Hudson Plains were not mapped. Moreover,
this analysis only focused on upland forests and therefore did not cover
areas dominated by agricultural land (according to the SLC classifica-
tion) and wetlands (Fig. 1).

2.2. Data and analysis

In this study, a kNN algorithmwas used to populate each cell (pixel)
of a raster map corresponding to the study area with soil information,
using georeferenced point source forest soil data. The kNN method is a
non-parametric, multivariate approach to imputing observations or
combinations of observations from sampling units, i.e., the reference
set, to estimation or mapping units, i.e. the target set using
forested ecozones. Areas dominated by agricultural land and wetlands were masked.
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environmental variables (McRoberts et al., 2007). We used topographic
and climatic information within the kNN analysis for interpolating
point source forest soil data across landscapes. We also selected to use a
250 m × 250m pixel corresponding to the grid of orthorectified mosaics
from TERRA MODIS satellite imagery (Pouliot et al., 2009). This spatial
resolution was selected because it is adequate to support strategic-level
reporting at regional to national scales, and also because it ensured the di-
rect compatibility of the digital soil productswith similarly scaled Canadi-
an forest inventory and forest change products (Beaudoin et al., 2014;
Guindon et al., submitted for publication).
2.2.1. Reference soil variables
As a reference we used a set of physical and chemical soil variable

measurements from georeferenced ground-plots (Fig. 1) collected as
part of Canada's National Forest Inventory and made available for re-
search use (NFI, Gillis et al., 2005). The use of the NFI ground-plot soil
data as a reference dataset provided advantages for the kNN analysis
in terms of quality/credibility of the information and of even spatial dis-
tribution of the sampling. All NFI plots are set up according to a system-
atic grid covering the Canadian forest landbase and sampled using a
standard methodology, and soil and vegetation samples analyzed in
the lab according to a standard protocol (Gillis et al., 2005). To date, ap-
proximately 1000 ground plots have been established.

For our study, only plots located on upland forest sites were selected
among the NFI database. In NFI field plots, volumetric soil cores of
the forest floor and the mineral layers at 0–15 cm, 15–35 cm and
35–55 cm depth, where possible, are collected. Since several NFI plots
lacked samples from deeper soil layers (for example, due to the presence
of bedrock), we restricted our study to the forest floor and the 0–15 cm
mineral soil depth in order to have the most complete database possible
for the greatest number of points. In total, 538 NFI ground-plots were in-
cluded in the analyses. Four attributes of the forest floor (thickness; total
nitrogen concentration; organic carbon concentration; carbon–nitrogen
ratio) and six attributes of the upper 15 cm of themineral horizons (pro-
portion of sand, silt, and clay; bulk density; total nitrogen concentration;
organic carbon concentration) were investigated in the analyses
(Table 1). Forest floor total nitrogen and organic carbon concentrations
were measured on oven-dried (at 70 °C) samples that were sieved
with an 8mmmesh and fromwhich gravel and live rootswere removed.
Mineral soil texture, bulk density and total nitrogen and organic carbon
concentrations were measured on the ≤2 mm air-dried portion of the
samples. The choice of these soil attributes was justified by the fact
that they have recently been identified as important indicators of site
suitability for intensive forest management (Hazlett et al., 2014;
Thiffault et al., 2010, 2014). We also restricted the analysis to the forest
floor and the top layer of the mineral soil because they appear to be rel-
evant for predicting a site response to forest management (Thiffault
et al., 2010) and for capturing a significant part of the nutritional rela-
tionships between soil and trees in the studied ecosystems, since a
large portion of the roots is located within the upper layers of soil
(Jackson et al., 1996). The range of values for each soil attributemeasured
among the 538 NFI ground-plots is summarized by ecozone in Table 2.
Table 1
Reference soil variables tested in the kNN mapping. All attributes are contained within the Nat

Soil variables Soil

Forest floor Thic
Org
Tota
Carb

Mineral horizons
(≤2 mm fraction in the 0–15 cm depth)

Clay
Silt
San
Org
Tota
Bulk
2.2.2. Environmental predictor variables
In order to predict the soil attributes in target pixels, we used several

raster datasets available at 250 m resolution that are likely to be corre-
lated with soil properties in Canada. As generally suggested in the
DSMM literature (e.g., McBratney et al., 2003), we first conducted a
compilation of environmental covariates from a digital elevation
model and from spatial climate models (Table 3). Ten topographic var-
iables were derived from the USGS/NASA SRTM data and post-
processed to provide continuous topography surfaces. We used eight
climatic layers from the spatial climate models of McKenney et al.
(2011). All raster layers were projected into Canada Lambert Conformal
Conic and re-sampled if necessary to a 250 m resolution (1 pixel =
6.25 ha) pixel grid covering Canada'smanaged forest landbase. The pre-
dictor variables form themulti-dimensional feature space within which
all reference and target pixels are located. The reference dataset was
created by compiling the values of the 18 environmental predictor var-
iableswith the values of the 10 soil variables for the pixels withinwhich
the individual reference NFI plots were located. The pixels without NFI
plots constituted the target set.

2.2.3. Pre-processing the reference dataset
We used the hybrid-Least Absolute Shrinkage and Selection Opera-

tor (hybrid-LASSO; hereafter HL; Efron et al., 2004) method to select
the smallest subset of environmental predictor variableswhile retaining
maximal predictive capacity, as in Beaudoin et al. (2014). The HL proce-
dure was used to rank predictor variables according to the strength of
their relationship with individual soil variables. These rankings were
thenmerged into a single set, and environmental variables with consis-
tently low rankings across all soil variables were removed. In addition,
redundant environmental variables were removed when correlation
between a pair of predictor variables was above 0.9.

2.2.4. The k-nearest neighbor (kNN) and mapping operations
Values of soil variables within the k-nearest neighbor pixels of the

reference set were averaged and used as imputations to the target
pixels. Formally, the estimate, eyi, for the ith target pixel was calculated
as in McRoberts (2012):

eyi ¼ Xk
j¼1

wi
j

0@ 1A−1Xk
j¼1

wi
jy

i
j ð1Þ

where {yji; j=1,…, k} is the set of observations for the k reference set of
pixels nearest in feature space built from the environmental variables to
the ith target set pixel, as calculated using a given distance metric. The
weightswj

i used for each of the k pixels in the averaging process are cal-
culated as:

wi
j ¼ dij

−t ð2Þ

where dij is the distance in the feature space of the environmental vari-
ables between the ith target pixel and the jth nearest referencepixel cal-
culated using a given distance metric (dm) and power t is used to
ional Forest Inventory (NFI) ground plot circa 2001.

names (abbreviations) Units

kness (FFthickness) cm
anic carbon concentration (FFOC) g/kg
l nitrogen concentration (FFTN) g/kg
on–nitrogen ratio (FFC:N) Unitless
content (Mclay) %
content (Msilt) %
d content (Msand) %
anic carbon concentration (MOC) g/kg
l nitrogen concentration (MTN) g/kg
density (MBD) g/cm3
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modulate the impact of distance in the weighting (usually 0 ≤ t ≤ 2).
Based on the results of Beaudoin et al. (2014) and Thiffault et al.
(2013), we used the Euclidean distance. In both of these studies, other
distance metrics such as Mahalanobis (MAH) and Most Similar Neigh-
bor (MSN) were found to provide either no or only a slight improve-
ment in terms of fit relative to the Euclidian distance, with the latter
also offering advantages over the other metrics in terms of simplicity
of interpretation and derivation of error assessment.

Similar to Beaudoin et al. (2014), application of the kNN to the target
pixel database was performed with an in-house C++ routine based on
Approximate Nearest Neighbor Searching (ANN library, Mount and
Arya, 2010) algorithm. The subsequent map editing of results was per-
formed using ArcGIS 10.0 (Esri Inc.).

2.3. Testing the performance of the kNN method

The accuracy of the predicted soil values relative to observed values
was assessed by leave-one-out cross validation using statistics comput-
ed by the same in-house routine described previously. The first method
is the relative root mean square error (RMSE%) with the associated R2,
which provides an estimate of the standard deviation of the error rela-
tive to the predicted value (Eq. (3)). The second statistic is the relative
bias (Bias%; Eq. (4)).

RMSE%m ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

yi−eyið Þ2
s

y
� 100 ð3Þ

Bias%m ¼

1
n

Xn
i¼1

yi−eyið Þ

y
� 100 ð4Þ

where for a set m containing n pixels indexed i, eyi is the kNN predicted
valuewhereas yi andyare the observed values. A greater predictive abil-
ity of the model is associated with a lower RMSE% and Bias%.

A third diagnostic statistic was used to assess the pixel-level accura-
cy and evaluate sampling representativeness and deficiencies using a
variance estimator σ̂ i in the absence of spatial auto-correlation among
the k neighbors for each soil variable (McRoberts et al., 2007). This met-
ric was computed for each pixel i and expressed as a coefficient of vari-
ance (CV, %):

CVi ¼
ffiffiffiffiffiffi
σ̂2

i

q
eyi � 100 ð5aÞ

where

σ̂2
i ¼

Xk
j¼1

yi; j−μ̂ i

� �2

k−1
ð5bÞ

and where eyi is the kNN imputed value, yi,j is the value of soil variable i
for the jth neighbor and μ̂ i ¼ eyi is the estimatedmean of the k neighbors.
This measurement provides a spatially-explicit error assessment by
highlighting areas where the dissimilarity between predicted and ob-
served values is high and therefore where uncertainty in predicted
values is highest.

In order to assess the performance of the kNNmappingmethodwith
independent datasets (not used in the analysis), the predicted propor-
tions of clay, silt, and sand in the upper layers of the mineral soil were
compared to values from two well-documented sources of information
on Canadian soil properties, i.e. the Soil Landscapes of Canada (SLC), and
maps of surficial deposits prepared by the ministère des Ressources
naturelles du Québec (MRN, 2013). These two sources were considered



Table 3
Names and types of the raster layers used as predictor variables. All the layers have 250 m resolution in the grid (raster) format. The climatic layers correspond to the 1970–2000 time
period (McKenney et al., 2011). The topographic layers are derived from the USGS/NASA SRTM data computed using ArcGIS 10.0.

Types Names or abbreviations Units Definitions

Climatic ACMI cm/year Annual moisture index. annual ACMI = P − PET. P is the annual precipitation. PET is the annual potential
evapotranspiration (loss of water vapor from a well-vegetated landscape).

SCMI cm/summer Summer moisture index. summer SCMI = P − PET. P is the summer precipitation. PET is the summer potential
evapotranspiration (loss of water vapor from a well-vegetated landscape).

PWQ mm Precipitation of the warmest quarter. The warmest quarter of the year is determined (to the nearest month) and
the total precipitation over this period is calculated.

THM °C Mean maximum daily temperature of the hottest month. The highest temperature of any monthly maximum
temperature.

TCM °C Mean minimum daily temperature of the hottest month. The lowest temperature of any monthly minimum
temperature.

MAT mm Mean annual precipitation
TAP mm Total annual precipitation. The sum of all the monthly precipitation estimates.
PCQ mm Precipitation of the coldest quarter. The coldest quarter of the year is determined (to the nearest month) and the

total precipitation over this period is calculated.
Topographic Elevation Meter Digital elevation models obtained from the Shuttle Radar Topography Mission (SRTM)

Aspect 0 to 360° The downslope direction of the maximum rate of change in value from each cell to its neighbors.
Aspect can be thought of as the slope direction. Aspect is expressed in positive degrees from 0 to 360, measured
clockwise from north (flat = −1)

Beers aspect 0 to 2 Heat index for use in predicting forest productivity; Beers aspect = 1 + cos((45° − aspect) / slope_deg)
Slope % The rate of maximum change in z-value from each cell.
Profile curvature −0.189 to 0.417 The profile curvature is in the direction of themaximumslope, affects the acceleration and deceleration offlow and

so influences erosion and deposition.
Relative moisture index 0 to 6.8 Relative moisture index (RMI also referred to as wetness index) = relative amount of water flowing into a pixel

(flow accumulation) in relation to amount flowing out based on slope. RMI is very similar to the topographic
convergence index.

Watershed stream 1 to 1831 The local drainage area enclosed between the local divide and the stream into which each cell drains.
Flow direction 1 to 128 The flow direction from each cell to its steepest downslope neighbor.
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truly independent from the data used in our study since they both pre-
date the collection of theNFI soil samples, andwere developed by differ-
ent organizations. Proportions of clay, silt, and sand were chosen as
examples in this exercise because they are the most common soil attri-
butes documented for Canada as a whole.

As the first source of comparison, the SLC database provides soil tex-
tural classes at the level of the ecodistrict (SLC, v2.2, 1996). Ecodistricts
are the smallest units (minimum size ~ 100,000 ha) of theNational Eco-
logical Framework (Ecological Stratification Working Group, 1996);
they are mapped at a scale of 1:2 M and are characterized by relatively
homogeneous biophysical and climatic conditions. The comparison in-
volved averaging the kNN predicted values of percent clay, silt and
sand of the pixelswithin each SLC ecodistrict polygon forwhich soil tex-
tural class was available in the SLC database. In total, 215 out of 478
ecodistricts were used (~100 million ha or 35% of the area of interest)
of which 71 were dominated by sand, 48 by clay and 96 by loam.

As the second source of comparison, the map of surficial deposits in
Quebec was used. This vector map provides knowledge on the origin,
mode of formation and material matrix of surficial deposits, which
may act as the proxy for the expected granulometry of the soil at a
1:40,000 scale, which is close to the scale of the kNNmaps. The compar-
ison involved averaging the kNN predicted values of percent clay, silt
and sand of the pixels within each surficial deposit polygon for the por-
tion of the Quebec province area that fell within our study area.
3. Results

3.1. Selection of the best predictor variables and parameter optimization

Based on the HL analysis, twelve of the original 18 predictor vari-
ables tested were retained (Fig. 2a): 7 topographic (elevation, slope,
Beers aspect, profile curvature, relative moisture index (RMI), water-
shed stream and flow direction) and 5 climatic variables (annual mois-
ture index (ACMI), precipitation of the warmest quarter (PWQ), mean
maximum daily temperature during the hottest month (THM), mean
minimum daily temperature during the hottest month, mean annual
precipitation (MAT)). These variables consistently showed the
strongest relationships with individual soil variables and were not re-
dundant among them.

Using this smaller set of predictor variables, the HL revealed that
mineral soil bulk density (MBD) was the predicted variable showing
the highest proportion of explained variance with an adj. R2 N 0.20,
followed by proportion of silt in mineral soil (Msilt; adj. R2 N 0.15),
thickness of forest floor (adj. R2 N 0.10), and then proportions of clay
(Mclay) and sand (Msand) in the mineral soil and organic carbon con-
centration in the mineral soil (MOC) (adj. R2 N 0.05). The THM and
the elevation explained the most variance for forest floor thickness.
The proportion of the variance explained by the two types of environ-
mental predictor variables (climatic or topographic) differedwidely be-
tween each soil variable (Fig. 2b). For example, climatic variables
accounted for 100% of the explained variance for forestfloor organic car-
bon concentration (FFOC),while topographic variables accounted for al-
most 70% of the variance for total nitrogen concentration in themineral
soil (MTN). On average, for all soil variables, topographic predictors
accounted for 37% of the explained variance versus 64% for the climatic
predictors.

In order to select the optimal number of k nearest-neighbors for im-
puting soil attributes, multiple kNN analyses were run with the 12 best
predictors using the Euclidean distance metric. We found k = 10 to be
optimal for the entire soil dataset as shown by the leveling of the
RMSE% (Fig. 3).
3.2. kNN performance and cartography of the selected soil variables

Table 4 shows the summary statistics of the predicted and observed
values aswell as the RMSE% values for all the variables. The RMSE% values
for the predicted soil variables ranged from 22.37 to 98.92 (Table 4). The
soil variables with a value of RMSE% b 40% included forest floor organic
carbon (FFOC), total nitrogen concentrations in the forest floor (FFTN),
MBD and sand content (MSand), forest floor C:N (FFC:N) and mineral
soil silt content (MSilt). Values of RMSE% for the other soil variables
such as the mineral soil clay content (MClay) were between 74.73 and
98.92. Scatter plots for the ten soil variables showed an overestimation
at low observed values and an underestimation at the high ones (Fig. 4).
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Fig. 2. a) Values of adjusted R2 from the hybrid-LASSO (HL) selected predictor variables (N= 538 pts) for each soil variable. See Table 1 for the definitions of the soil variables and Table 3
for the predictor variables. b) Proportion of each type of predictor variable explaining the adjusted R2 from the HL for each soil variable tested.
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Example maps for soil attributes with value of RMSE b 40%, and
their associated maps of coefficient of variance, are presented and
discussed hereafter (the remainingmaps are available in Supplementa-
ry data). Forest floor organic carbon concentration showed a relatively
homogeneous pattern across the ecozones (Fig. 5a), with predicted
values between 106 and 500 g/kg and an average of 389 g/kg. However,
the northwestern part of the Boreal Shield and to some extent the
southern portion of the Taiga Plains ecozones showed lower values be-
tween 200 and 250 g/kg. However, this zone was also associated with
high rates of error, as expressed by the coefficient of variance (Fig. 5b)
likely as a result of a particularly low density of reference plots.

The proportion of sand in the mineral soil showed predicted values
ranging between 5 and 94% and an average of 52% (Fig. 5c). The Pacific
Fig. 3. Variation of the RMSE (%) for various k values based on the entire dataset (N= 538). k=
plained in Table 1.
Maritime, Boreal Shield and Montana Cordillera ecozones showed
average values of approximately 40%, while the area in the center of
the Boreal Shield ecozone had lower estimated values between 30 and
40%. However, low values within the Boreal Shield ecozone were also
associated with a high rate of error (Fig. 5d). Nevertheless, the map
makes it is possible to detect the Clay Belt formation, an area with
very low concentration of sand in the northernmost part of the Boreal
Shield. The Clay Belt is a physiographic unit composed mostly of
glaciolacustrine deposits left by the proglacial Lake Ojibway, stretching
between the Cochrane District in Ontario, and Abitibi County in Quebec,
covering 120,000 km2 (Veillette, 1994).

The C:N in the forest floor showedpredicted values ranging between
20 and 70 with an average of 35 (Fig. 5e). The Montane Cordillera,
10 was retained to run the kNNmapping procedure. Definitions of soil variables are ex-



Table 4
Assessment of results for all ecozones together, ranked in increasing order according to the RMSE value (%). Abbreviation of the soil variables are in Table 1. The statistics are described in
the text (Eqs. (3) and (4)).

Variables Predicted minimum value Predicted maximum value Predicted mean value Predicted standard deviation value Relative Bias
(%)

RMSE
(%)

R2

FFOC (g/kg) 106.83 501.9 389.05 53.28 0.53 22.37 0.143
MBD (g/cm3) 0.36 1.66 0.96 0.22 −0.00 34.14 0.175
FFTN (g/kg) 0.68 20.79 12.15 2.94 0.08 35.82 0.025
Msand (%) 5.97 94.25 52.28 12.55 0.14 36.68 0.195
C:N 21.42 70.73 34.77 6.46 −0.01 37.82 0.056
Msilt (%) 12.97 57.5 31.27 7.68 −0.32 39.88 0.131
FFthickness (cm) 2.00 26.08 9.74 3.99 −0.22 74.73 0.085
Mclay (%) 2.12 68.05 16.44 11.6 0.15 76.07 0.431
MTN (g/kg) 0.20 5.22 1.67 0.604 1.54 88.38 0.052
MOC (g/kg) 4.99 144.08 36.37 17.49 0.59 98.92 0.199
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Boreal Cordillera and eastern Boreal Shield ecozones had values ranging
from 25 to 30, while the northwestern part of the Boreal Shield and the
Taiga Plains ecozones had values above average between 40 and 50. The
C:N error map was similar to that of the organic carbon in the forest
floor, with highest levels of error in the northern Boreal Plains and
Taiga Plains ecozones (Fig. 5f).

3.3. Mapping validation with two independent datasets

Maps of soil attributes were first compared with textural classes at-
tributed to ecodistricts of SLC. The predicted proportions of clay, silt and
sand showed coherence with the SLC ecodistrict-level textural classes
(Fig. 6). The average predicted proportion of clay obtained with the
kNN procedure was higher in ecodistricts with a clay textural class
(23%) compared with ecodistricts with a sandy or loamy textural class
(Fig. 6a). The kNN predicted proportion of sand was higher (63%) in
the ecodistricts with a sand textural class compared with ecodistricts
with the clay (43%) or loam (42%) textural class (Fig. 6c). However, it
could be noted, by looking at the red crosses, which represent observed
soil textural values from NFI plots, that the predictions overestimated
sand and silt contents in areas with SLC-determined low silt content
and underestimated clay content in areas with SLC-determined high
clay content (Fig. 6).

When compared with the map of surficial deposits for the province
of Quebec, the kNN predicted proportion of clay increased from the
coarser deposits mainly composed of sand (e.g. littoral marine and
fluvioglacial) towards the fine particle deposits such as glaciolacustrine
deposits (Fig. 7a; Appendix B). The predicted proportion of sand also de-
creased from the coarser deposits towards the finer particle deposits
(Fig. 7c). The comparison with surficial deposits therefore suggested a
good coherence between the two sources of data.

4. Discussion

4.1. Improvements of soil mapping in Canada

This study represents the first national digital soil mapping for the
managed forest in Canada. Despite the low density of points available
in the reference set, with only 538 points for all of Canada, the results
are a marked improvement in terms of resolution and coverage of the
forest landbase in comparison with the SLC which is largely focused
on agricultural land and therefore provides only crude information
about the forest landbase. The SLC is also limited by its coarse resolution
across the forested landbase and by its vector mapping system (Schut
et al., 2011). By providing a methodology for mapping the forest soil,
our study is complementary to existing efforts expanded towards the
production of digital soil products for Canada by SLC proponents and
by others involved in soil mapping.

With pixels of 6.25 ha compared with polygons of 1000 ha in SLC,
our results also show the capacity of the methodology used to produce
standardized moderate resolution soil digital maps across land cover
types and jurisdictional boundaries (provinces and territories), even
where the point source data are sparse.Moreover, maps in raster format
offer a range of advantages over conventional, vector-based soil maps,
as identified by Hartemink et al. (2008). These include flexibility for
quantitative studies such as C balances, the shift from soil texture classes
to continuous variables, the ease of integration with other raster-based
data, and the provision of uncertainty and error assessments.

In our study, we chose to use a small butwell-distributed set of field-
based soil point data to populate the reference dataset and impute
values across landscapes, which also allowed for proper quality
assessment/quality control of soil property values. Many studies on
soil mapping use data extracted from existing vector soil maps, which
are then used as reference to predict soil variables and sometimes to
validate the outputs as well (e.g., Bui and Moran, 2001, 2003; Heung
et al., 2014). Vector soil maps have the advantage of being easier to ac-
cess than point data, and provide useful information about soil–land-
scape relationships. However, map units are generally not pure, i.e.
the whole area of the polygon is likely not homogenous. This is an im-
portant issue for the large SCL polygons in the forest landbase in
which disaggregation into its individualmap components is problemat-
ic because of the lack of within-polygon spatial information (Bui and
Moran, 2001; Odgers et al., 2014). Digital soil mapping based on legacy
soil maps therefore carries both the caveat of relying on the mental
models developed by the pedologists who produced the maps, and
the uncertainty associated with the disaggregation process. On the
other hand, field point data are more objective in nature than legacy
soil maps. However, they may not be totally representative of the
pixel size chosen for the digital soil mapping. Nevertheless, legacy soil
maps for the Canadian forest landbase, or other form of land classifica-
tion, could be used as predictors or as stratification in further exercises
to see if they improve the prediction fit.

4.2. Performance and limits of the method

The kNNmethod is becoming increasingly popular for mapping for-
est attributes (Bernier et al., 2010; Franco-Lopez et al., 2001;McRoberts,
2012; Tomppo et al., 2008; Wilson et al., 2012). It has also been applied
successfully in soil sciences to estimate soil particle-size distribution
and water regimes (Nemes et al., 1999, 2006), and the availability of
soil base cations (Thiffault et al., 2013). Its non-parametric nature
makes it well suited to capture complex and non-linear relationships,
because estimates are made from local subsets of data rather than rely-
ing on globally optimized relationships (Nemes et al., 2006). Moreover,
maps can be rapidly and efficiently updated as new fieldmeasurements
become available. Other machine-learning methods have also been
shown useful for soil DSM, such as Random Forest (e.g. Heung et al.,
2014), Multiple Additive and Regression Tree (e.g. Lacoste et al., 2011)
and artificial neural networks (e.g. Behrens et al., 2005); they are similar
in nature to kNNas they are all data-miningmethods for knowledge dis-
covery based on algorithms aimed at learning relationships between re-
sponse variables and predictors (Breiman, 2001).
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Fig. 4.Observed versus predicted values for all ecozones together for the soil variables: a) concentration of organic carbon in the forest floor; b) concentration of total nitrogen in the forest
floor; c) bulk density in the mineral soil; d) proportion of sand in the first 15 cm of mineral horizons; e) C:N in the forest floor; f) proportion of silt in the first 15 cm of mineral horizons;
g) thickness of the forest floor; h) proportion of clay in the first 15 cm of mineral horizons; i) concentration of total nitrogen in the first 15 cm of mineral horizons and j) concentration of
organic carbon in the first 15 cm of mineral horizons. The 1:1 diagonal is the line of perfect prediction. The units are not all consistent.
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Given the low density of reference point data in the training dataset
(i.e. 538 points), predicted maps with RMSE values b 40% may be con-
sidered operational and sufficient to provide useful knowledge for the
whole of the Canadianmanaged forest landbase. Moreover, the external
Fig. 5. Maps depicting three predicted soil variables within the managed forest and their as
centration of organic carbon in the forest floor; c and d) proportion of sand in the first 15 cm
ranks of value (min–max) displayed may be different from those in Table 4.
validation with an independent dataset at the province of Quebec scale
shows good coherence between the predicted values of the textural
classes and the different types of surficial deposits, given the 48 training
points available in the province. The only study comparable in scope
sociated maps of coefficient of variance (Eqs. (5a) and (5b) in the text). a) and b) con-
of mineral horizons; e and f) C:N in the forest floor. For better display of contrast, the
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Fig. 5 (continued).
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Fig. 5 (continued).
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Fig. 6. Boxplots of the predicted values of proportions of particle sizes in the first 15 cm of
mineral horizons for a) clay b) silt, and c) sand within the sand, loam and clay textural
classes in the ecodistrict across the managed forest of Canada. The red crosses show the
observed values in each textural class. The soil textural classes were gathered from the
Soil Landscape of Canada.
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and methodology to ours (Henderson et al., 2005) found RMSE% values
of predicted proportions of clay and organic carbon at 250 m resolution
in Australia in the same order as ours.

Accuracy of prediction formapswith a RMSE N 40%may be question-
able and precautions are neededwhenusing these estimated values. Ac-
curacy of prediction is also limited for areas with low RMSE%, because
imputation methods such as kNN generally tend to overestimate the
lowest values and underestimate high values (Fig. 4), which decrease
the range of variability for any distribution (Scheuber, 2010;
Suominen et al., 2013). This overestimation/underestimation of values
in the extremes of the range is common in kNN studies (Beaudoin
et al., 2014; Magnussen et al., 2010), because this method is prone to
bias when the values of the predictors for a unit in the target set do
not have close neighbors or fall outside the range of values in the refer-
ence set. The prediction for this target unit will still be that of the closest
neighbor in the reference set (however distant itmight be), with the net
effect of underestimating large values and overestimating small ones
(Magnussen et al., 2010). Avenues to overcoming this bias include: in-
creasing the representativeness in the reference set of the whole
range of predictor values among the target set, using land stratification,
and implementing bias correction methodologies if possible
(Magnussen et al., 2010).

In fact, some precautions are necessary in DSMM because there is
consistently an error between the values of variables observed from
ground plot measurements and the corresponding predicted variables
derived from digital maps (Xu et al., 2009). The first source of error
can often emanate from the choice of predictor variables. Indeed, the se-
lection of predictor variables with a low R2 in this study (Fig. 2) may be
statistically doubtful. Despite the low R2, the environmental predictors
selected are likely to be relevant for prediction of soil attributes as
they are part of the empirical factors that are commonly related to the
soil formation in reference to SCORPAN (Soil; Climate; Organisms; Re-
lief; Parent material; Age; Space; Behrens et al., 2010; Boettinger,
2010; Minasny and McBratney, 2010) especially in the boreal forest
(Seibert et al., 2007). The R2 values from environmental predictors for
each soil variable (i.e. Fig. 2) should be interpreted with caution since
themultivariate non-linear nature of kNNdoes not provide direct causal
relationships between two variables.

Our study showed good performance at predicting soil characteris-
tics in the mineral layer, which is somewhat different than what is
found in other studies, where prediction of lower soil layers is often
poor (e.g. Henderson et al., 2005). Notably, our results provided good
accuracy of prediction (low RMSE%) to MBD. This may be due to the
fact that MBD integrates the variability of several soil properties includ-
ing clay, silt, sand and organic matter content (Sequeira et al., 2014).

Nevertheless, results from our study displaying the links between
environmental predictors and soil variables are aligned with findings
from previous studies. For instance, the fact that organic carbon concen-
tration in the forest floor and the upper mineral horizons which is al-
most entirely related to variations in temperature in our study is
similar to conclusions with other large-scale studies that show that cli-
matic factors, notably temperature, largely drive soil carbon concentra-
tion over large scales (e.g. Ladd et al., 2013; Post et al., 1982). Also, forest
floor thickness has been intensively studied in boreal regions, notably
due to its link to paludification, and it was shown that factors influenc-
ing water availability and drainage explain forest floor thickness (e.g.
Laamrani et al., 2014; Seibert et al., 2007). This is similar to findings
from our study, in which the amount of precipitation and relative mois-
ture index were important predictors for this soil variable. Links be-
tween topographical parameters related to water movement and
forestfloor nitrogen such as those seen in our study (forestfloor total ni-
trogen concentration and C:N are related to variations in watershed
stream, i.e. local drainage area) are also found in the literature (Seibert
et al., 2007; Welsch et al., 2001). Nevertheless, a further study should
look at broadening and refining the choice of environmental predictors
to increase the power and accuracy of digital soil mapping across Cana-
dian landscapes. For instance, bedrock composition has been shown to
be a powerful covariate for predicting soil properties (Gray et al.,
2014) and for explaining variations in vegetation (Hahm et al., 2014).

The second source of error can be attributed to the low density of
points in the reference dataset (i.e. 538 points). The overall low adj. R2

is more than likely due to the low number of NFI points available for
the analysis compared with the number of variables predicted. Uncer-
taintiesmay also arise from complex interactions betweenenvironmen-
tal variables combined with limited representation of the variability
(narrow range) of soil properties and related soil forming processes
among the training data. A common problem of DSMM is the difficulty
to adequately predict properties of rare soils or of areas with high com-
plexity. This problemcould be overcome byusing training setswith bet-
ter representation of unique/uncommon features. However, as stated by
Heung et al. (2014), the selection of data for training sets should reflect
the goal of the study, either to maximize overall prediction accuracy
over landscapes, or to maximize prediction accuracy of rare
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Fig. 7. Boxplots of the predicted values of proportions of particle sizes in the first 15 cm of mineral horizons for a) clay, b) silt and c) sand within the major surficial deposit types in the
province of Quebec. The red crosses show the observed values in each type of surficial deposit (N total= 48). The surficial deposit typeswere gathered from the 1/40,000 provincial forest
inventory map (modified from Mansuy et al. 2011) and are described in Appendix B.
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occurrences. In fact, given that the quality of the results is directly relat-
ed to the ancillary data and that the kNN method gives only results in-
herent to the reference dataset, improvement in the prediction of soil
properties does not rely on more sophisticated quantitative methods,
but rather on gathering more, more useful, higher quality and better-
distributed data, as suggested by numerous DSMM studies (i.e.,
Grunwald, 2009; Grunwald et al., 2011). Numerous databases of soil
points exist across Canada, and given that proper standardization and
quality assessment/quality control can be performed on them, they
will be useful for improving the predictive power of future mapping
exercises.

4.3. National and international perspectives for better monitoring resources

The results provided in this study fill a gap in terms of providing soil
maps for the Canadian forest landbase and focus on soil properties and
soil depth that have the greatest relevance for forest nutrition and site
response to forest management. Moreover, the methodology tested
here can be used for the standardization of soil information at the na-
tional scale for a better monitoring of environmental resources in
Canada. The method developed in this study demonstrates a shift
from traditional soil mapping towards the new digital soil mapping ap-
proaches as suggested by Geng et al. (2010). The comprehensive set of
maps could be useful in improving the delineation of the ecological
stratification units. For example, the soil layers obtained in this study
can be supplemented with layers of vegetation attributes also imputed
with the kNN method and MODIS imagery at 250 m by Beaudoin et al.
(2014) and offer standardized attributes of managed forests in
Canada. Digital soil mapping could significantly reduce uncertainties
by helping to address a wide range of national environmental chal-
lenges encountered in Canada such as natural disturbancemanagement
(fires and pests), monitoring the forest carbon budget, or the develop-
ment of the biomass sector.

From an international perspective, this study contributes to satisfy-
ing the global need for accurate, up-to-date and spatially referenced
soil information, as identified by the Global Digital Soil Properties
Consortium (www.globalsoilmap.net). A global soil map network is
being developed to provide soil information to meet the demand of a
broad range of users including multiple levels of government, natural
resource managers, educational and research institutions, and agricul-
turalists (Arrouays et al., 2014). The methodology of our study can be
adapted to meet other requirements in terms of resolution, e.g.

http://www.globalsoilmap.net
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producing maps at a finer resolution such as the 100 m pixel used in
Global Soil Mapping, or extending to deeper soil layers and to other
soil variables. Moreover, our methodology based only on soil pit data
and easily accessible DEM derivatives and climate information makes
it well suited for trans-frontier mapping. Thus, we strongly believe
that the future development of the products generated and discussed
in this study could complement the current global mapping efforts.

5. Conclusion

This study represents a successful initial step in the development of
digital soil maps using kNN technique of imputation. Themain goal was
to improve and standardize soil data for the managed forests of Canada
without the constraints of the various provincial and territorial jurisdic-
tional boundaries. Because thismethod offers the possibility ofmapping
soil variables at a 250 m resolution grid, this implies considerable im-
provement over the previous soil programs which mapped only broad
multicomponent soil type polygons. However, these results can be con-
sidered preliminary and there is room for improvement in providing
up-to-date and spatially explicit soil information tailored to the end
user's needs. For instance, the need for a national database of soil sam-
pling sites is clearly identified. Another area of development would be
to generate smaller pixels to minimize the scale mismatch between
ground plots and targeted pixels (Xu et al., 2009). Therefore, future ef-
forts will attempt to incorporate various soil attributes, organic and/or
mineral, at various depths within soil profiles for pixels at 30 m resolu-
tion in order to satisfy the objectives of the GlobalsoilMap.net interna-
tional project.
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