
Reflectance models for predicting
organic carbon in Saskatchewan soils

H.R. INGLEBY and T.G. CROWE

Department ofAgricultural and Bioresource Engineering, University ofSaskatchewan, 57 Campus Drive, Saskatoon, SK, Canada
S7N 5A9. Received 31 August 1999; accepted 1 May 2000.

Ingleby, H.R. and Crowe, T.G. 2000. Renectance models for
predicting organic carbon in Saskatchewan soils. Can. Agric. Eng.
42:057-063. Predictive models for soil organic carbon using
reflectance were generated for soil samples collected from five
Saskatchewan fields on a field-specific basis. Models were developed
using calibration data sets to identify optimal regressor wavebands for
multiple linear regressions and subsequently tested using validation
data sets. Models were evaluated by comparing coefficient of
determination and sum of squared error values, with a bias toward
models with fewer regressors. The optimum model, including the
number and wavelength of reflectance bands, for each field was
identified. The four-regressor model, using reflectance in the 1500,
1720, 1740, and 1790-nm wavebands, was selected for the Hepburn
field. Four-regressor models were also selected for Outlook and St.
Louis fields, using reflectance at 480, 760, 1650, and 1700 nm and
530, 560, 2320, and 2360 nm, respectively. Reflectance data in the
1370, 2390, and 2450-nm wavebands were used in the three-regressor
model for the Swift Current field, while the two-regressor model,
comprised of reflectance data in the 1570 and 1600-nm wavebands,
was chosen for the Watrous field. Coefficients of determination for
these models were 0.85, 0.85, 0.89, 0.73, and 0.86 for the Hepburn,
Outlook, St. Louis, Swift Current and Watrous fields, respectively.

Des modeles qui predisent la teneur en carbone organique du sol
en utilisant la reflectance furent developpes, champ par champ, pour
des echantillons de sol preleves dans cinq champs de la Saskatchewan.
Les modeles furent d' abord developpes apartird'ensemble de donnees
de calibration afin d'identifier les bandes de frequences optimales qui
servaient de variables independantes dans les regressions lineaires
multiples, et testes plus tard avec des ensembles de donnees de
validation. Les modeles furent evalues en comparant les coefficients
d'explication et les valeurs des sommes residuelles des carres, tout en
accordant une preference aux modeles qui comportaient Ie plus petit
nombre de variables independantes. Le modele optimal, incluant Ie
nombre et les longueurs d'onde des bandes de reflectance, fut identifie
pour chacun des champs. Pour Ie champ de Hepburn, Ie modele
comprenant quatre variables independantes, et utilisant des
reflectances situees dans les bandes de frequences de 1500, 1720, 1740
et 1790 nm, fut choisi. Pour les champs Outlook et St-Louis, des
modeles aquatre variables independantes, dont les reflectances etaient
dans les bandes de frequences de 480, 760, 1650 nm, et de 530, 560,
2320 et 2360 nm, respectivement, furent egalement selectionnes. Des
donnees de reflectance dans les bandes de frequences de 1370, 2390
et 2450 nm furent utilisees avec Ie modele a trois variables
independantes du champ de Swift Current, alors que pour Ie champ de
Watrous on choisissait un modele a deux variables independantes,
comprenant des donnees de reflectance dans les bandes de frequences
de 1570 et 1600 nm. Les coefficients d'explication de ces modeles
etaient de 0.85, 0.85, 0.89, 0.73 et 0.86 pour les champs de Hepburn,
Outlook, St-Louis, Swift Current et Watrous, respectivement.

INTRODUCTION

Spectral reflectance measurements have been investigated by
several researchers (Dalal and Henry 1986; Krishnan et al.
1981; Sudduth and Hummel 1991) as a means for rapid non
contact sensing of soil organic carbon (OC) levels. These
researchers have developed predictive models based on
correlations between reflectance and OC levels for soils from a
variety of geographical areas. Unfortunately, performance of
these models suffered when they were extended to include soils
that were not represented in the calibration samples. This
suggests that site-specific models will be required for adequate
performance, but previous research has not included soil
samples from Saskatchewan fields. Therefore, a practical OC
sensor for use in Saskatchewan would require predictive models
based on typical agricultural soils found in the province.

The procedures for developing such models have been
extensively reviewed in the literature. Typically, spectral
reflectance values over a range of wavelengths are collected and
the wavelengths at which reflectance is most highly correlated
with OC content are identified. Once these wavelengths have
been selected, methods for developing predictive models, such
as multiple linear regression (MLR), may be implemented.
Model performance is generally evaluated using samples not
included in the calibration set. Multiple linear regression has
been used most frequently, but alternative methods are gaining
in popularity. Relationships between soil OC and reflectance
values at specific wavelengths are much more difficult to
interpret with principal components regression (PCR) and
partial least squares (PLS) regression than with MLR, as the
data transformations implemented in these methods render such
relationships quite abstract.

LITERATURE REVIEW

Methods for model development have been discussed
extensively in the literature. An overview of single-term and
multi-term linear regression methods for developing calibration
models using spectral measurements is given in Hruschka
(1987). With these techniques, the dependent variable, such as
chemical concentration, is regressed directly on to selected
independent variables, such as the reflectance at specific
wavelengths. Alternative multivariate calibration procedures,
such as PCR and PLS, have been reviewed by Martens and
Naes (1987). In these methods, the independent variables are
linearly transformed before or during the regression procedure.
A number of studies have applied these methods for developing
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Table I. Locations and descriptions of sampled fields in Saskatchewan.

Field Soil association Soil texture Location* Mean OC (%) DC range (%)

Hepburn Oxbow loam SE-7-40-5-W3 2.21 0.87 - 3.23

Outlook Elstow loam SE-20-28-7-W3 1.62 1.26 - 2.19

Swift Current Haverhill loam-sandy loam ~E-22-15-12-W3 3.38 1.30 - 5.34

Watrous Weyburn loam ~W-13-32-26-W2 1.22 0.55 - 1.81

S1. Louis Hamlin-Blaine Lake fine sandy loam-silty SE-20-46-26-W2 2.39 0.78 - 4.04
loam

* Quarter-Section-Township-Range-Central Meridian

predictive models for soil OC. Krishnan et al. (1981) and Smith
et at. (1987) generated linear regression models using
representative soils from Illinois, resulting in coefficients of
determination (r) of 0.92 and 0.86, respectively. Dalal and
Henry (1986) also used linear regression to develop a predictive
equation for OC in three series of Australian soils, resulting in
r values greater than 0.80. Sudduth and Hummel (1991)
evaluated several methods for OC sensing using reflectance and
achieved the best predictive performance (r =0.92) using PLS
regression with near-infrared (NIR) reflectance data in the range
from 800 to 2580 nm. In all of these studies, reflectance values
were transformed to optical density (00) values prior to
performing the regressions.

Ingleby and Crowe (1999) collected reflectance spectra for
soil samples from five Saskatchewan fields and subsequently
developed regressions using the wavelengths and 00
transformations identified by Dalal and Henry (1986) and Smith
et al. (1987). Performance of these regression equations with the
Saskatchewan data was inadequate for implementation in a
practical sensor system and development of new models
specific to these data was recommended. Because previously
published results indicated that predictive performance
deteriorated as models were applied over expanded
geographical ranges, models specific to each field should be
generated. Using the rule of thumb given by Hruschka (1987),
the number of regressors in each model should be restricted,
based on the number of samples available for calibration.

OBJECTIVES

Design of a practical OC sensor requires calibration suitable for
the geographic area in which it will be used. Several methods
exist for developing such calibrations, including traditional
linear regression methods as well as PCR, PLS, and neural
network modelling. The goal of this project was to investigate
the correlations between OC content and spectral reflectance for
a variety of Saskatchewan soils and to use these correlations to
develop and test predictive models suitable for implementation
in a practical sensor system.

Specific objectives of this study were to:
I. Identify wavelengths at which reflectance levels were

correlated with soil OC levels, and
2. Develop and evaluate multiple linear regression models for

OC prediction, incorporating reflectance at the selected
wavelengths.
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MATERIALS and METHODS

Sample collection and reflectance measurements
Four hundred and twenty samples were collected from five
Saskatchewan fields in May 1997. Fields were identified by the
nearest urban center and were labeled Hepburn, Outlook, Swift
Current, Watrous, and S1. Louis, respectively. These fields
represented a range of Saskatchewan agricultural soils. Ninety
samples were collected from each of the first four fields and
sixty samples from the fifth field. Samples were collected such
that three slope positions, lower-, mid-, and upper-slope, were
defined in the first four fields, while only lower- and upper
slope positions were used in the fifth field. Thirty samples were
collected from each slope position. Samples were taken from 0
to 150 mm depth, within the Ap (plowed) horizon for each field.
Samples were air-dried at 320 C for a minimum of 15 h, ground,
and passed through a 2-mm mesh sieve. Organic carbon
analyses for these samples were completed by trained
technicians from the Department of Soil Science, University of
Saskatchewan. Table I consists of a list of the fields, legal
locations (quarter section, township, and range), soil
descriptions, and the mean OC value and range ofOC values for
the soil samples collected. In the laboratory, diffuse reflectance
spectra were collected for each soil sample at I-nm intervals
using a dual-beam scanning UV-Vis-NIR spectrophotometer
(Cary 5G, Varian Canada Inc., Mississauga, ON). Ingleby
(1999) provided details of the sample collection, preparation,
and analysis procedures.

Data averaging
The original spectra consisted of relative reflectance values
measured at 2252 wavelengths between 249 and 2500 nm,
inclusive. Each spectrum represented a substantial volume of
information. Three factors provided the impetus for data
reduction. First, the spectra were all smoothly varying, with no
abrupt transitions such as sharp peaks or valleys. It was
expected that no significant spectral information would be lost
through the use of an averaging procedure. Second, correlation
data for the complete set of wavelengths indicated high
correlations between reflectance values at widely differing
wavelengths. These correlations were extremely high between
nearly adjacent wavelengths. Thus, it was also expected that
substantial predictive power would not be lost due to averaging.
Finally, computational demands for regressor-selection methods
increase exponentially with the number of initial independent
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variables. Selecting a subset from 2252 variables would be
extremely time-intensive. All of these considerations resulted in
a decision to use averaged spectral data.

Spectral averaging consisted of a 10-nm boxcar procedure
at wavelength intervals of 10 nm from 250 to 2500 nm and was
performed using spreadsheet software. Thus, the new spectrum
consisted of reflectance values at 250, 260, 270, ... 2500 nm,
inclusive. As an example, the new reflectance value for 290 nm
represented an average of the original reflectance levels from
286 to 295 nm, inclusive. The reflectance at 250 nm was an
average of the reflectance values from 249 to 255 nm, while the
reflectance at 2500 nm was an average of the values from 2496
to 2500 nm. This procedure resulted in a new data set, with
reflectance values specified for 226 wavelengths for all samples,
that was approximately III Oth the original data volume, while
maintaining sufficient spectral information.

Waveband elimination
Eliminating wavelengths or wavebands for which the data were
noisy or provided little predictive ability also reduced the
number of possible regressor variables. Candidates for
elimination included wavebands where the influence of
components other than OC dominated the spectra to such a
degree that the effects of OC would be masked. At some
wavelengths, the differences in reflectance were very small,
even for samples with widely differing OC levels. These
wavelengths were removed. Wavebands in which no
correlations between OC and reflectance had been previously
identified were also suspect.

Five wavebands were removed from the averaged spectra
before any new calibration models were developed. The first
was the UV region from 250 to 390 nm, inclusive. This region
was eliminated because the spectra showed very little difference
between samples. In addition, no previous research had
identified any correlations between OC and reflectance at UV
wavelengths. The second waveband removed was the set of
wavelengths from 810 to 890 nm inclusive, in which the
reflectance levels fluctuated randomly by 2 to 3% due to noise
from detector changeover during spectrophotometer operation.
Two wavebands, from 1380 to 1470 nm and from 1860 to 2040
nm, inclusive, were removed to eliminate the masking effects of
water absorption bands (Baumgardner et al. 1985). These bands
were centered at approximately 1450 and 1950 nm and
displayed large dips in the reflectance spectra. Finally, the band
from 2190 to 2250 nm was removed, because the spectra
displayed a smaller dip, identified by Baumgardner et al. (1985)
as due to a vibrational mode of the hydroxyl ion. It was
expected that, as in the case of the two water bands, this dip
would mask any effects due to changing OC levels.

After the averaging procedure and waveband elimination
were completed, 166 possible regressor variables remained for
model development. This represented a substantial reduction in
the volume of information used, so that computation time was
greatly reduced. It was expected that predictive ability would
also be improved, as collinearity between adjacent variables was
reduced and superfluous wavebands were eliminated.

New model development
The data set for each field was randomly subdivided into two
sets of equal size, called the calibration and validation sets,
respectively. The range of OC contents for each set was
inspected to ensure that the sets were not radically different in

this respect. The calibration data were used to generate models,
while the validation data were subsequently used to evaluate
model performance.

It was desirable to select a reduced subset of all possible
regressors for two reasons. First, the variance of the values
predicted by a model tends to increase as regressors are added
to the model (Ryan 1997). Second, a smaller number of
predictor wavelengths will correspond to reduced hardware
requirements when developing a practical sensor system. Thus,
methods for selecting an optimal regressor subset were
examined.

The model selection options in PROC REG of SAS (SAS
Institute 1989) allow for the number of predictors included in a
model to vary from a minimum of one to a maximum of all
variables available. Some arbitrary cut-off point was required to
restrict the scope of this study. Hruschka (1987) stated that a
minimum of five to fifteen samples should be present in the
calibration set for each parameter in the model. Thus, with a
maximum of 45 samples in the calibration set for each field, the
maximum model size was restricted to between 2 and 8
predictors plus an intercept. Considering that cost effectiveness
for a practical sensing system would favor a smaller number of
required wavelengths, it was decided to examine models with
between one and five predictor wavelengths for each field.

The MINR option in PROC REG of SAS was used to
develop MLR models in this study. Models generated were of
the form:

where:
OC =organic carbon content (%),
ao, a" .... =regression coefficients, and
R" R2, ••• =relative reflectance at wavelength 1,2, etc.

(%).

Output from the SAS program included the best models with
one to five regressor variables. The sum of the squared
differences between the actual and predicted organic carbon
values was calculated for each model using the calibration data
and labeled as the calibration sum of squared error (SSE).
Smaller SSE values indicated smaller differences between
actual and predicted values. The SSE for a given model was
also directly dependent on the number of samples used to
calibrate or validate the model. For models with similar
performance, those based on a greater number of samples were
expected to have higher SSE values.

Model evaluation
All models were tested using the validation data on a field-by
field basis. Using the calibration models developed, DC
contents were predicted for each sample in the validation set.
Validation SSE values were calculated for all models with these
predicted DC levels. Models were subsequently compared using
r, calibration and validation SSE values. A large r value and
low SSEs were taken to be indicative of superior model
performance. These metrics allowed comparison between
models with different numbers and types of regressor variables.
Plots of predicted as a function of measured DC contents were
also generated for each model. These scatter plots illustrated
how model performance changed over the range of DC values.
Data points closely grouped about a 45 0 line indicated good
model performance.
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Table II. Multiple linear regression model parameters.

Field

Hepburn

Outlook

Swift Current

Watrous

St. Louis

Model

MLR 1

MLR2

MLR3

MLR4

MLR5

MLR 1

MLR2

MLR3

MLR4

MLR5

MLR I

MLR2

MLR3

MLR4

MLR5

MLRI

MLR2

MLR3

MLR4

MLR5

MLR 1

MLR2

MLR3

MLR4

MLR5

Regressor wavelengths

800

2150,2170

2150,2160,2180

1500, 1720, 1740, 1790

1310, 1340, 1720, 1740, 1790

790

1310, 1510

1290, 1510,2280

480, 760, 1650, 1700

460,520,1650,1730,1800

700

750,2390

1370,2390,2450

1620,1660,2170,2390

1650, 1660, 1810,2170,2180

790

1570, 1600

400, 1230, 1250

1170, 1210, 1560, 1570

550,570,1720,1790,2300

800

2320,2350

2260,2320,2350

530,560,2320,2360

540,580,660,940,2400

3.59

4.14

4.17

-0.30

-0.62

4.03

0.65

1.89

2.44

1.77

2.21

-1.27

-2.38

-0.32

-1.98

4.29

-3.06

-0.16

-2.33

-1.05

9.44

3.75

4.11

-0.70

-11.79

-0.06

-4.36

-5.59

0.44

-4.67

-0.10

-0.75

-1.40

0.46

1.49

-0.05

-0.08

-0.30

-5.49

-9.11

-0.09

-11.60

0.23

4.89

3.48

-0.48

-9.65

2.16

9.70

20.69

4.38

3.83

10.41

5.37

0.73

1.75

-0.41

-1.23

0.12

0.99

5.79

7.51

11.62

-11.28

-6.60

-3.38

9.80

-13.30

-8.52

-33.03

1.78

-22.82

10.37

-0.42

3.32

2.81

-0.63

-0.87

1.96

11.16

14.42

-5.10

11.27

-4.99

16.06

12.00

-23.60

-3.19

-5.46

0.62

-1.83

-12.67

5.54

5.15

-2.96

12.54

2.68

1.51

-0.38

0.85

RESULTS and DISCUSSION

Model generation
Twenty-five models were generated (five models for each field)
using the calibration data. Regressor wavelengths, intercept
values, and regression coefficients for all models generated with
the calibration data are listed in Table II. Prior to validation
testing, models were examined to determine if any consistent
relationships between DC and reflectance were apparent at
specific wavelengths.

Comparison ofregressor wavebands (Table II) on a field-by
field basis showed little continuity between models of different
sizes. Wavebands present in the single regressor models were

60

never duplicated in the larger models. Larger models often had
one or more wavelengths in common, but showed no
consistency from field to field. For the St. Louis and Swift
Current regressions, there were common wavelengths(2320 and
2390 nm, respectively) present in the models with two, three,
and four regressors but not in the models with five regressors.
For three of the five fields, models with four and five regressors
had at least one common wavelength, but this wavelength was
not present in any of the smaller models for those fields.

Comparison of models of the same size across the five fields
revealed a similar lack of consistency, except for the single
regressor models. The regressor for these models was between
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700 and 800 nm in all cases, with four of the five fields having
either 790 or 800 nm as the predictor wavelength. These
wavelengths were located very close to the detector changeover
region of the spectrum, and thus their validity was questionable.
Otherwise, very little similarity was evident. Some models (e.g.
Swift Current MLR 5) included regressors in the upper NIR
region only, while other models (e.g. St. Louis MLR 5) used
wavelengths from a wide variety of spectral regions. In models
with five regressors, the most striking similarity was that models
for four of the five fields had multiple wavelengths in the 1600
to 1810 nm waveband.

The lack of consistency in regressors suggested that OC
variation caused more complex changes in spectral signature
than simple linear variations in reflectance at given
wavelengths. If such a linear dependence existed, larger models
would be expected to contain regressors similar to the smaller
models. Because this trend was not evident, the models may

Table III. Summary of model performance.

1.56

1.95

1.92

1.23

1.17

4.80

9.69

2.90

3.21

7.73

5.93

8.11

6.10

4.04

6.77

8.10

6.65

9.90

6.46

8.87

6.02

10.24

12.42

11.19

11.40

depend on more complex functions of the
regressors, perhaps including non-linear
terms.

The coefficients for models of different
sizes and from different fields were very
inconsistent (Table II). Intercept values
ranged from large to small, both positive and
negative. Regression coefficients varied
widely in magnitude and sign (Table II). In
general, reflectance decreased with increasing
OC. Thus, if changes in reflectance at
individual wavelengths were linearly related
to changes in OC, negative coefficients would
be expected. This relationship was not
evident, however, supporting the idea that
differing OC levels resulted in complex
changes in reflectance.

Discussion of model performance
Models were evaluated by comparing their
performance using calibration (SSE and r)
and validation (SSE) data with different
numbers of regressors. The best model for
each field was determined by considering
overall performance using these metrics, as
well as the number of variables present.
Practical sensor development favoured
models with fewer variables, so that in cases
where predictive performance was similar, the
smaller model was selected as best. Cali
bration and validation performance data for
all MLR models are summarized in Table III.

The Hepburn models showed little
correlation between calibration (SSE and r)
and validation (SSE) performance when
comparing data in Table III. The lowest
validation SSE value occurred for the model
with the lowest coefficient of determination,
which was exactly the opposite of the
behaviourexpected. Although the coefficients
ofdetermination were reasonable for the four
and five-regressor models, the validation SSE
values were large. The best Hepburn
reflectance model was the four-regressor

model, with a calibration r value of 0.85, calibration SSE of
1.74, and validation SSE of 6.65. The plot of predicted versus
measured OC for the Hepburn validation samples for this model
showed a tendency to overestimate the actual OC, as the points
were mainly located above the ideal 45° line (Fig. I). The
performance of the five-regressor model was very similar, but
the smaller model was more suitable for practical sensor
implementation.

The Outlook models performed better than those for the
Hepburn field. The SSE values were much lower and the
combination of low SSE and high coefficients of determination
for the four and five-regressor models was encouraging.
However, the lowest coefficient of determination (the single
regressor model) once again corresponded with the lowest
validation SSE value. The best Outlook reflectance model was
the four-regressor model, with a calibration r value of 0.85,
calibration SSE of 0.30, and validation SSE of 1.56. The

Validation
SSE

6.23

3.46

3.15

1.74

1.61

0.54

0.41

0.33

0.30

0.26

1.79

1.13

0.87

0.82

0.73

7.15

2.54

2.19

1.94

1.46

18.99

5.62

4.68

4.03

2.32

Calibration
SSE

0.47

0.71

0.73

0.85

0.86

0.73

0.80

0.83

0.85

0.87

0.45

0.65

0.73

0.75

0.78

0.62

0.86

0.88

0.90

0.92

0.48

0.85

0.87

0.89

0.94

Calibration
r

MLR I

MLR2

MLR3

MLR4

MLR5

MLRI

MLR2

MLR3

MLR4

MLR5

MLRI

MLR2

MLR3

MLR4

MLR5

MLR I

MLR2

MLR3

MLR4

MLR5

MLRI

MLR2

MLR3

MLR4

MLR5

Model

Watrous

Field

Hepburn

S1. Louis

Outlook

Swift Current
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Fig. 3. Predicted versus measured OC for the Swift
Current three-regressor model.
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Fig. 1. Predicted versus measured OC for the Hepburn
four-regressor model.
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for the validation data with this model showed a tendency to
underestimate the actual OC slightly, illustrated by a majority
of the data points plotting below the 45° line (Fig. 4).

The St. Louis models displ(Jyed promising r values with the
calibration data but performed poorly in validation testing, as
SSE values were high. The best St. Louis model used a four
regressor equation, with a calibration r value of 0.89, a
calibration SSE of 4.03, and the lowest validation SSE for the
St. Louis data, 5.93. The plot of predicted versus actual OC
values for this model shows a wide range of OC levels, with the
predicted values distributed evenly above and below the 45° line
(Fig. 5).

Great variability was exhibited between models of different
sizes within one field. There was little consistency between
regressor wavelengths selected and regression coefficients in the
MLR models. Calibration performance (r and SSE) generally
improved as regressor variables were added, but validation SSE
figures varied considerably from their expected trends. The
most likely explanation for high r values occurring with high
SSE values was overfitting of the models to the calibration data,
which resulted in less robust performance with the validation
data set. Overfitted models fit the calibration data points so
closely that introduction of new samples often results in poor
performance. Development of a practical sensor system would

6

5

~0
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Measured OC (%)

predicted versus actual OC plot for the validation data (Fig. 2)
shows that the model again tended to overestimate the OC level
and that the range in OC content was relatively small.

Performance of the Swift Current models was inconsistent
between calibration and validation data. The validation SSE
values were low for four of the five models, while the r values
were not as good as for the other fields. The five-regressor
model, with the highest r, also had the highest validation SSE.
The best Swift Current model had three regressors with a
calibration r value of 0.73, a calibration SSE of 0.87, and a
validation SSE of 1.95. The three-regressor model was selected
as the best, favouring a reduction in variables over slight
performance increases available with the larger models. The
predicted versus actual OC plot using the validation data set for
this model resulted in points clustered fairly evenly above and
below the ideal line (Fig. 3).

The Watrous reflectance models exhibited high r values,
but performance was somewhat disappointing during validation
testing. The validation SSE values were large relative to the
Outlook and Swift Current models. This again demonstrated
that high r values did not guarantee low SSE figures. The best
Watrous model was the two-regressor model, with the second
lowest validation SSE of 7.73, a calibration r of 0.86, and a
calibration SSE of 2.54. The plot of predicted versus actual OC

6

Fig. 2. Predicted versus measured OC for the Outlook
four-regressor model.

Fig. 4. Predicted versus measured OC for the Watrous
two-regressor model.
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CONCLUSIONS

favour models with better validation performance and fewer
regressors at the cost of initial inflated performance during
calibration.

Significant correlations between OC levels and reflectance
were apparent in the data set. The best OC predictive models
found in this study were the four-regressor models for the
Hepburn, Outlook, and St. Louis fields, the three-regressor
model for Swift Current, and the two-regressor model for
Watrous. Collection of further soil samples will provide
additional opportunities for model optimization and may reduce
the tendency for models to overfit the data.

The best model relating relative electromagnetic reflectance (%)
to percent organic carbon for each field was determined by
comparing calibration r and SSE values along with validation
SSE values for models of different sizes. The best model for
Hepburn soils was the four-regressor model (1500, 1720, 1740,
and 1790 nm wavelengths), with a calibration r value of 0.85,
a calibration SSE of 1.74, and a validation SSE of 6.65. The
best model for Outlook soils was also the four-regressor model
(480,760, 1650, and 1700 nm), with a calibration r value of
0.85, a calibration SSE of 0.30, and a validation SSE of 1.56.
The best Swift Current soil model used reflectance levels at
three wavebands (1370, 2390, and 2450 nm) and achieved a
calibration r value of 0.73, a calibration SSE of 0.87, and a
validation SSE of 1.95. The best Watrous soil model was the
two-regressor model (1570 and 1600 nm), with a calibration r
value of 0.86, a calibration SSE of 2.54, and a validation SSE of
7.73. The best St. Louis soil model was the four-regressor
model (530, 560, 2320, and 2360 nm), with a calibration r
value of 0.89, a calibration SSE of 4.03, and a validation SSE of
5.93. Wavebands used in lower-order models were seldom used
in larger models. Regression coefficients varied widely, as did
model performance. Models with a larger number of regressors
tended to perform better with the calibration data, but often
performed poorly in validation testing; this may be due to
overfitting to the calibration data set.

Development of reflectance-based soil-property sensors will
require various research initiatives. The effects of varying soil
moisture levels and particle sizes must be well understood to
develop calibrations useful under field conditions. Spectra
should be observed across a wide range of soils and textures in
an attempt to avoid field-specific calibration. The availability of
a larger sample population, as well as more powerful hardware
and software, should allow for more comprehensive search
routines to identify the optimum wavelength subsets for OC and
nutrient prediction. Alternative model development methods,
such as PCR, PLS, and neural networks, should also be
thoroughly investigated.
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