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a b s t r a c t
We used an object-oriented approach in conjunction with the Random Forest algorithm to classify
agricultural practices, including tillage (till or no-till (NT)), crop intensity, and grassland-based conservation
reserve (CR). The object-oriented approach allowed for per-ﬁeld classiﬁcations and the incorporation of
contextual elements in addition to spectral features. Random Forest is a classiﬁcation tree-based advanced
classiﬁer that avoids data over-ﬁtting associated with many tree-based models and incorporates an unbiased
internal classiﬁcation accuracy assessment. Landsat satellite imagery was chosen for its continuous coverage,
cost effectiveness, and image accessibility. Classiﬁcation results for 2007 included producer's accuracies of
91% for NT and 31% for tillage when applying Random Forest to image objects generated from a May Landsat
image. Low classiﬁcation accuracies likely were attributed to the misclassiﬁcation of conservation-based
tillage practices as NT. Results showed that the binary separation of tillage from NT management is likely not
appropriate due to surface spectral and textural similarities between NT and conservation-type tillage
practices. Crop and CR lands resulted in producer's accuracies of 100% and 90%, respectively. Crop and fallow
producer's accuracies were 95% and 82% in the 2007 classiﬁcation, despite post-senesced vegetation;
misclassiﬁcation within the fallow class was attributed to pixel-mixing problems in areas of narrow
(b 100 m) strip management. A between-date normalized difference vegetation index approach was
successfully used to detect areas having “changed” in vegetation status between the 2007 and prior image
dates; classiﬁed “changed” objects were then merged with “unchanged” objects to produce crop status maps.
Field crop intensity was then determined from the multi-year analysis of generated crop status maps.
© 2009 Elsevier Inc. All rights reserved.

1. Introduction
Carbon contract programs are being developed within Montana
and across the US. Cropland producers involved in terrestrial carbon
sequestration programs are paid to implement practices that might
increase soil carbon, including no-till (NT), crop intensity, and
conservation reserve (CR). NT systems involve the absence of plowing.
Crop intensity is the proportion of years that a ﬁeld is summer
fallowed vs. cropped; increasing crop intensity results in a larger
percentage of time that a ﬁeld is under vegetative cover. CR is the
conversion of marginal cropland into diverse perennial plant cover,
and is not conﬁned to lands within the Conservation Reserve Program
(CRP). Contract validation of these practices is currently limited to onsite ﬁeld survey (NCOC, 2008), a costly and time-consuming process.
Remote sensing might offer a timely and cost-effective option to
validate and monitor cropland management for carbon contract
purposes, on a per-ﬁeld basis.
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The majority of image-based classiﬁcations for NT, ﬁeld vegetative
status (cropped vs. fallow), and grassland-based CR have utilized a
per-pixel approach. Pixel-based results are often illogical due to mixed
within-ﬁeld classiﬁcations, although ﬁelds generally have a single
management regime within the ﬁeld boundaries. The absence of
reference ﬁeld boundaries can also make it difﬁcult to interpret land
use patterns. A ﬁeld-based, object-oriented (O-O), approach offers a
practical alternative to pixel-based methods as the classiﬁcation and
analysis process is based on landscape boundaries representing
speciﬁc spatial patterns. O-O techniques utilize objects, groups of
pixels with similar spectral and spatial properties, rather than
individual pixels for image classiﬁcation and analysis (Navulur,
2007). Strengths of using an object-based approach include the
partitioning of landscapes into meaningful units (such as ﬁelds for
agricultural analyses), the generation of shape, texture, and relational
features that can be incorporated into the classiﬁcation process, and
an easier integration into GIS systems than traditional pixel-based
maps (Hay & Castilla, 2006). Disadvantages might include difﬁculty in
handling large data sets within O-O software and the need to
heuristically determine segmentation parameters unless the process
is based directly on an existing vector layer, in a “cookie cutter”
approach.
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Fig. 1. Geographic location (within the red circle) of the cropland validation study, Montana, USA. Map colors reﬂect elevation gradients, ranging from gentle lowland prairies in the
east, to the more mountainous regions of the west.

Peer-reviewed research concerning the O-O analysis of cropland
management practices is lacking. A few pixel-based studies have
mapped NT and tillage on surfaces with bare to minimal cover with
resulting class accuracies 90% or greater (Bricklemyer et al., 2002;
Gowda et al., 2005; South et al., 2004) but have had limited success in
the presence of vegetative cover (Bricklemyer et al., 2006). Spectral
similarities between grassland-based CR and other management
practices have made image classiﬁcation problematic (Daly, 2001),
often requiring the use of multi-temporal techniques (Egbert et al.,
2002; Price et al., 1997) or the inclusion of ancillary data (Song et al.,
2003). These mentioned studies pertaining to tillage and CR mapping
practices were not object-based. We have not identiﬁed studies, pixel
or object-based, that speciﬁcally mapped crop intensity (the multiyear analysis of crop and fallow patterns).
The majority of object-based studies have utilized simple
classiﬁcation techniques rather than advanced ones. Simple classiﬁers such as the nearest neighbor (NN) (Kamagata et al., 2006;
Lucas et al., 2007; Stow et al., 2007) are often used, although
continued advancements in image classiﬁcation algorithms for
pixel-based studies have made the use of these methods increasingly obsolete within pixel-based analyses (Gislason et al., 2006).
Advanced image classiﬁcation algorithms that have been used
within pixel-based analyses include, but are not limited to, boosting
and/or bagging-based classiﬁcation tree analysis (CTA) (Baker et
al., 2006; Lawrence et al., 2004; Lawrence & Wright, 2001) and the

CTA-based Random Forest (Ham et al., 2005; Lawrence et al., 2006;
Prasad et al., 2006).
The Random Forest (RF) classiﬁer is superior to many tree-based
algorithms as it is not sensitive to noise or overtraining, and it is also
capable of handling unbalanced data sets (Breiman & Cutler, 2004). RF
uses a bagging-based approach, or sampling from the original data set
with replacement, to form an ensemble of classiﬁcation trees (Breiman, 2001; Gislason et al., 2006). Data over-ﬁtting, where the model
becomes too statistically conformed to the training data and thus the
model performance will not replicate well with future data sets, is
avoided as random variable subsets are also used to generate node
splits. Node splits occur as the original sample is partitioned into subsamples according to homogeneity; splitting occurs until end nodes
result, each representing a particular class, when no more useful splits
can be made. The result of the random variable selection at each node
split is that each classiﬁcation tree differs greatly from the next.
Each tree in the resulting forest casts a unit class vote, with the
ﬁnal classiﬁcation determined by an amongst-tree plurality decision
(Breiman, 2001). RF also includes an internal out-of-bag (OOB)
accuracy measure that produces results comparable to external
accuracy assessments, so long as there is no bias in the reference
data (Lawrence et al., 2006). OOB works by withholding a random
portion of the original data set from the model-building process, the
“withheld” data is then run through the generated classiﬁcation trees
to estimate model accuracy. Studies using RF for O-O classiﬁcation
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were not identiﬁed, although the remote sensing community has
increasingly used RF for pixel-based land cover classiﬁcations
(Gislason et al., 2006; Pal, 2005).
The objective of this study was to determine if O-O RF classiﬁcations using moderate resolution Landsat Thematic Mapper (TM) and
Enhanced Thematic Mapper Plus (ETM+) imagery could accurately
identify management types speciﬁed by National Carbon Offset
Coalition (NCOC) carbon contracts, within north central Montana.
Three separate classiﬁcations types were attempted corresponding to
the three types of management practices that might be included in
NCOC carbon contracts, namely till from NT, the determination of 4year crop intensity through an analysis of multi-year crop and fallow
patterns, and the separation of grassland-based CR from cropland.
We considered an O-O approach to be advantageous over a pixelbased analysis as each ﬁeld could be treated as an individual vector
object, allowing the determination of management type to occur on a
per-unit basis. The object-based approach was also necessary as the
validation of management practices deﬁned by carbon contracts
correspond to, and thus must be analyzed according to, speciﬁc
parcel-based areas. The decision to use the RF algorithm to classify
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object-based data was based on the documentation of prior literature
(Breiman, 2001; Lawrence et al., 2006) concerning its advanced
capabilities in handling complex data sets, the OOB accuracy measure,
and generally higher reported accuracies compared to results by other
classiﬁers. The incorporation of RF with O-O analysis, however, had
not been demonstrated previously within remote sensing literature.
2. Methods
2.1. Study area description
We focused our analysis on cropland management practices within
north central Montana. This region is roughly bounded by the
communities of Great Falls, Fort Benton, Havre, Cut Bank, and Conrad
(Fig. 1). This region falls within a semi-arid grassland/shrub (steppe)
biotic regime (NRCS, 2007a). Soil type can vary considerably
throughout the region (NRCS, 2007b); clay-dominant textures are
reportedly common in many cropland ﬁelds, with more sandy soils
expected within elevated ﬁeld locations and areas prone to water
erosion.

Fig. 2. Data subset locations (outlined in red) used for identifying crop and fallow practices from 2004–2007 as seen within two Landsat images (May 2007) where non-cropland data
has been removed (“black” locations represent no data). The imagery is displayed in false color (B2 as blue, B3 as green, and B4 as red).
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Precipitation patterns are extremely important as timely spring
rain allows crop production to occur in an otherwise semi-arid
climate. Temperature and especially precipitation vary strongly within
the region. Annual average minimum temperatures have ranged from
−0.7 °C Havre to − 0.9 °C in Great Falls, with annual average
maximum temperatures ranging from 12.7 °C in Havre to 15.5 °C in
Fort Benton (NWS, 2007). Annual average precipitation ranges from
265 mm in Chester, 318 mm Cut Bank, and 373 mm in Great Falls
(WRCC, 2006).
Dryland wheat and barley are the primary crop exports within
north central Montana, with market price and fall soil moisture
conditions driving the decision to plant spring or winter wheat.
Other crops might be planted occasionally, but have contributed to a
minute proportion of total cropped ha (CTIC, 2004). A wheat-fallow
rotation is common throughout the region; continuous cropping is
rarely implemented and is considered by many producers to be too
risky due to unreliable late spring and early summer precipitation
(Farkell, 2007).
Four data subsets were identiﬁed within the general study area for
the analysis of crop and fallow patterns. These subsets were located
near Dutton (18,500 ha), Chester (11,250 ha), between Big Sandy and
Fort Benton (7646 ha), and near Great Falls (13,014 ha) (Fig. 2).
Chester was chosen as it represented a drier than average climate
within the 2004–2007 period (~250 mm annual precip.), while Great
Falls represented a wetter than average climate (~ 390 mm annual
precip.) (HPRCC, 2008). Annual precipitation in the Dutton and Big
Sandy/Fort Benton areas was near average (~290–320 mm).

sites used within the classiﬁcation model-building process were
randomly selected from the data pool. The resulting 2007 cropland
data set included information for 78 NT–fallow, 138 NT–cropped, 48
tilled–fallow, 148 tilled–cropped, and 113 CR ﬁeld sites. The actual
number of ﬁeld sites utilized within the model-building process was
scene dependent due to cloud masking and missing pixel information
resulting from the Landsat ETM+ scan-line gaps.
2.3. Satellite data collection
Satellite data consisted of Landsat TM and ETM+ image sets
spanning path/row 39-26 and 39-27 (Table 1). Images were selected
according to image quality and the degree of atmospheric interference
(primarily due to clouds). Landsat data were chosen over other
satellite image sources due to its cost effectiveness, relatively large
footprint, and temporal coverage. The authors recognize that some
error might have been introduced into the model-building process as
the 2007 image dates did not match atmospheric interference
(primarily due to clouds).
Landsat data were chosen over other satellite image sources due to
its cost effectiveness, relatively large footprint, and temporal coverage.
The authors recognize that some error might have been introduced
into the model-building process as the 2007 image dates did not
match that of the June ﬁeld data collection period, thus there might
have been some change in ﬁeld management status between the time
of image data collection and on-site ﬁeld reference. The extent of this
error is unknown, but believed to be relatively minor based on known
cropping practices.

2.2. Reference data collection
2.4. Satellite image pre-processing
Locations for training data were randomly identiﬁed throughout
the region. Final data collection points were chosen based on their
proximity to public roadways to avoid land access issues. Data collection occurred early June 2007, a time by which ﬁeld tillage type
should be apparent for that year, with the exception of chemically
managed fallow that might be tilled subsequently during the summer.
This practice, however, appears uncommon based on our experience
in the region, although there is no data available to quantify this.
Reference ﬁeld information collected through visual, on-site, analyses
included vegetative status (cropped or fallow), crop type, and tillage
management (tilled or NT). Cropland management class types were
based on guidelines from the NCOC (2008) and the Chicago Climate
Exchange (CCX, 2008). Tillage management type was classiﬁed as
either “tilled” or “NT”. The determination of tillage management
within a ﬁeld included a visual examination of stubble position
(stubble in a NT ﬁeld should generally be in a relatively upright
position), soil surface disturbance, and the establishment of soil
surface crusts. Many of the ﬁelds classiﬁed as tillage had high levels of
surface residue but also showed indication that there had been surface
disturbance between the stubble rows. A visual percentage estimate
of exposed soil surface was also taken for each ﬁeld and was based on
the relative amount of bare soil seen within the ﬁeld as opposed to
active surface vegetation or plant stubble. Land access restrictions
prevented us from obtaining a more quantitative measure of exposed
soil surface area.
Verbal communication with farmers throughout the region conﬁrmed that conservation tillage, where only a chisel plough is used
once prior to planting for residue management, is common. Although
some of these practices can result in minimal levels of soil disturbance,
it would still be considered “tillage” under NCOC carbon contract
agreement deﬁnitions (NCOC, 2008). Rangeland data included
vegetation type and the relative percent of soil surface covered by
the vegetative canopy. CRP data were provided by the Montana Farm
Service Agency (MFSA) to represent grassland management similar to
that of the CRP. This step was taken under the assumption that spectral
signatures between CRP and CR-based lands did not differ. The CRP

Image scenes 39-26 and 39-27 were mosaicked to form one
continuous image for each analyzed date. Images were geometrically
rectiﬁed to a reference TM image used in the creation of the nonagricultural mask template and examined for spectral irregularities,
haze, and clouding. Pixels contaminated with cloud, haze, and shadow
were identiﬁed through a maximum likelihood supervised classiﬁcation and excluded from image analyses.
Image data were converted to exoatmospheric reﬂectance to
minimize between-image differences due to earth–sun distance and
solar angle (Chander et al., 2007; SDH-L7, 2006). Further data correction
techniques were used to normalize the 2004–2006 imagery to the 2007
imagery to minimize between-image data differences unrelated to land
use change. These techniques included regression-based normalizations
(Jensen, 2005) where data values for pseudo-invariant pixel features
(~32), such as concrete strips, roadways, and deep water bodies, were
identiﬁed within 2007 and a prior image date.
A standard linear regression was applied to the pseudo-invariant
feature data to obtain the regression equation used to normalize a
prior image data set to the 2007 data. A two-sample t-test for means,
based on an alpha value of 0.05, was used to compare prior and
“corrected” data to determine if improvement through normalization
had occurred. The t-test consisted of 22 data points representative of
pseudo-invariant features within the same general locations as those
used to generate the regression model. Dark object subtraction techniques (Song et al., 2001) were also used to reduce the discrepancy
between image data prior to the regression-based normalization, if it
was observed that these techniques improved overall normalization

Table 1
Landsat satellite image dates.
Year

2004

2005

2006

2007

Date 1
Date 2

9 Jul
27 Sep

12 Jul
6 Sepa

31 Jul
1 Sep

15 May
11 Auga

a

Denotes that image is Landsat scan-line-corrector-off ETM+ instead of TM.
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Fig. 3. Object segmentation results (red vector lines) for parcel management strips (left) and within-strip sections (right). Black parameter lines represent taxable ﬁeld boundaries.
(For interpretation of the references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

results. In most cases the means for the normalized and the 2007 base
data differed signiﬁcantly (α = 0.05) but showed improvement as
the resulting p-value, or the probability of obtaining a test statistic
value at least as extreme as the one observed, decreased following
the normalization.
An image mask was created to exclude non-agricultural land from the
project area. Spatial data pertaining to non-agricultural areas were
collected from the Natural Resource Information Service (NRIS, 2007)
and included water bodies, wetlands, transportation systems, public lands,
and cities. A 15-m radius buffer was applied to point and line features to
ensure that the spatial extent was at least 30 m, the Landsat pixel width.
The vector-based features were converted into a raster-based template
that was used to recode non-agricultural image data to zero.
Spatial data provided by the MFSA were used to exclude rangeland
from the study area, while the MFSA-based CRP data were also used to
remove known CR land from the cropland tillage and crop/fallow
classiﬁcations. We recognized the potential for introducing aggregated
error into our analysis by including multiple vector layers (each with
their own degree of error) but were not able to quantify the extent of
this error or how it might have affected the classiﬁcation results.
Image segmentation was conducted within Deﬁniens Professional
Earth LDH O-O software, using the multi-resolution segmentation
algorithm (Benz et al., 2004). Deﬁniens Professional was chosen as it
provides segmentation, object analysis, and vector export within one
package. Two segmentation strategies were used, representing parcel
management strips and within-strip sections of spectral and textural
similarity (Fig. 3). The within-strip segmentation was used to reduce
the inclusion of both crop and bare soil within an image object. A
strip-based segmentation was determined to be suitable for tillage
and CR classiﬁcations, as it was unlikely that these management types

would vary within ﬁeld-based boundaries. Vector information
representing taxable ﬁeld parcels, provided by the Montana Department of Administration, was also included within the segmentation
process to ensure that generated objects were constrained within
ownership boundaries.
Initial segmentations were applied to a May 2007 Landsat TM
image. The image segmentation parameters were determined heuristically. Masked areas within taxable parcels were treated as “no
data”, thus object-based results were generated using only the “nonmasked” data. The resulting image objects were utilized as a vectorbased template for the remaining image segmentations. The use of
object templates served to produce objects with identical footprints. A
spatial joint was used to add the object-based data to the reference
management data set for use in the model-building process.
2.5. Image classiﬁcation
2.5.1. 2007 image classiﬁcations
The randomForest package (S-Plus®) was used to generate
classiﬁcation models for NT and till, crop and fallow, and CR and
cropland. Object-based spectral, textural, and neighborhood parameters were included within the model-building process (Table 2).
The Normalized Difference Vegetation Index (NDVI) (Tucker & Sellers,
1986) and Tasseled Cap components (Crist et al., 1986; Huang et al.,
2002) were also included as predictors, as the addition of these
indices might better allow for model node splitting. In total there were
121 predictors included into the model-building process, representing
object-derived data across the seven Landsat bands, NDVI, and
tasseled cap components. Initial forest models were built using 500
generated classiﬁcation trees, the default number. Adjustments to the

Table 2
Object-based predictive parameters generated through image segmentation within the Deﬁniens Professional software package.
Object data features

Description

Layer mean

The average of all pixels found within an image object. Includes computations for Blue, Green, Red, NIR, MIR,
Thermal, MIR2, NDVI, Brightness, Greenness, and Wetness.
The standard deviation calculated from all pixels within an image object.
The lowest pixel value within an image object.
The highest pixel value within an image object.
The layer mean difference computed for each neighboring object, weighted with regard to between-object border
length or the area covered by the neighbor objects. A distance of zero is given for direct neighbors.
Calculates the mean difference between pixel values and surrounding pixel values.
A texture measure concerning the amount of local variation within an image object.
A texture measure where the pixel values are weighted by the frequency of their occurrence in combination
with neighbor pixel values.
A measure of the dispersion of values around the texture mean.
A texture measure of the amount of local variation within the image object; values increase linearly and
dissimilarity will be high if there is high contrast within a localized region.
A measure similar to the GLCM mean, differed by all spatial directions (0, 45, 90, 135) being summed prior to
inclusion within the texture calculations.

Layer standard deviation
Min-pixel value
Max-pixel value
Mean difference to brighter neighbors
Contrast to neighborhood pixels
GLCM homogeneity—all directions
GLCM mean
GLCM standard deviation
GLCM dissimilarity
GLCM contrast—all directions

GLCM is the grey level co-occurrence matrix and is a tabulation of how often different combinations of pixel grey levels occur within a given object.

1848

J.D. Watts et al. / Remote Sensing of Environment 113 (2009) 1843–1852

Table 3
Classiﬁcation (OOB) accuracy for tillage.
Model

Overall accuracy (%)

No-till and tillage
May pixel-based

76

May object-based

71

August object-based

57

May + August object-based

54

NT
Till
NT
Till
NT
Till
NT
Till

number of classiﬁcation trees included within each model were based
on an analysis of model error as inﬂuenced by the number of trees.
This error-based-on-number-of-trees feature is included within RF as
a diagnostic measure and allows the user to see at what number of
classiﬁcation trees total model accuracy starts to decrease. Classiﬁcation matrices and associated class accuracies were determined
through the internal OOB accuracy assessment (Breiman, 2001).
The data sets examined for model generation included those from
individual image dates (early summer; late summer) or predictive
parameters incorporating both image dates. Pixel-based models were
also examined, in addition to the object-based models, to ascertain
any improvements in classiﬁcation accuracy that might be attributed
to the inclusion of object-based textural and neighborhood parameters into the model. Data sets were then run through the generated
RF models to provide object classiﬁcations for the 2007 season. Class
predictions were exported and joined with the existing vector objects
according to ﬁeld object identiﬁcation numbers.
2.5.2. Multi-year classiﬁcation to determine crop intensity
Fall images from 2004–2006 also were classiﬁed according to crop
and fallow practices in order to determine 4-year crop intensity
spanning from 2004–2007. The multi-date crop and fallow classiﬁcations occurred only within the four study area subsets to reduce the
computation time associated with image-object generation (Fig. 2).
Resulting vegetation pattern data allowed for the determination of
ﬁeld-based crop intensity. An NDVI threshold method was used for the
detection of “unchanged” image objects, or those having the same
class type (fallow or cropped) between the 2007 and a prior image
date. Between-year vegetative change within the study area is
primarily due to crop–fallow rotations; areas of no change, or ﬁelds
under continuous cropping, are relatively infrequent. “Unchanged”
areas, or those cropped in both the 2007 and prior image dates, were
determined using object-based data from the May 2007 and July
2004–2006 images as these dates provided the best distinction
between photosynthetically active (cropped) and inactive (fallow)
ﬁeld areas. The change analysis consisted of object-based spectral
means for the red and near-infrared (NIR) bands. These bands were
chosen to detect management changes as they are sensitive to
photosynthetic activity. Photosynthetically active vegetation strongly
absorbs energy between 0.63 and 0.69 µm (red) and strongly reﬂects
energy between 0.7 and 1.2 µm (NIR) (Jensen, 2005).
Change vectors (CV) were generated according to a distance
measure based on the Pythagorean Theorem (Eq. (1)), where Red1
and Red2 represent multi-year object-mean values for the red portion
of the measured electromagnetic spectrum and NIR1 and NIR2
represents multi-year values for the near-infrared portion of the
spectrum.



2
2 0:5
CV = ðRed1 − Red2 Þ + ðNIR1 −NIR2 Þ

ð1Þ

Classiﬁcation matrix

Producer's (%)

User's (%)

NT

Till

NT

Till

161
43
160
63
101
64
93
63

13
13
14
29
35
31
43
32

92
23
91
31
74
33
68
34

79
50
71
67
61
47
60
43

Objects representing possible management changes between image
dates were visually identiﬁed through a comparison of image data and
were used as reference points in the determination of appropriate
thresholds to separate “changed” from “unchanged”. No clear threshold
values were identiﬁed through the analysis of CV values from these
reference object areas. A more apparent change threshold value was
determined within the between-date NDVI difference values, as was also
reported by Lyon et al. (1998). Training data for cropped were taken from
randomly selected “no-change” objects. “Cropped” class data were also
obtained from randomly selected “changed” objects identiﬁed based on a
visual examination of the data. This step was needed as areas of “nochange” or continuous crop are not often practiced within the general
study area, but might be more common in localized areas. Training data for
the fallow class were also based on randomly selected “changed” objects
because areas of “fallow–fallow” were not identiﬁed. These data were used
to generate the RF models for the 2004–2006 image-object classiﬁcations.
Training object data used to create the 2006 model included 85
cropped and 126 fallow sites, object data used to create the 2005 model
included 73 cropped and 70 fallow sites, and 111 cropped and 112 fallow
sites were used in the 2004 model. The ﬁnal number of data points used
in the generation of each model were based on results from a random
object selection where 230 locations were generated within the study
region; object locations that did not fall within areas of masked or “no
data” were used to train the models. Areas of “no data” within the
Landsat ETM+ scenes also resulted from data gaps due to scan-line
corrector failure. The resulting classiﬁcations were merged with the
“unchanged” object classiﬁcations to produce a ﬁnal class layer. A
database analysis was used to determine the four-year cropping patterns.
3. Results
3.1. Tillage type
The highest classiﬁcation accuracies for tillage type were generated using the May 2007 data set and included information from 113
NT–cropped, 61 NT–fallow, 70 tilled–cropped, and 22 tilled–fallow
ﬁeld locations. This model consisted of 500 trees, with 13 variables
examined at each node split. The 13 selected variables were those
deemed most important by the RF model, from out of the total number
of variables included within the data set. Total model accuracy was
71%, with low user's and producer's accuracies (31% and 67%,
respectively) in the tillage class (Table 3). The most important
variables for the classiﬁcation, as observed within the variable
importance plots, were the object-mean value for wetness followed
by the object standard deviation for greenness. The 2007 Augustbased model was more likely to misclassify NT–cropped sites as tilled.
Lower tillage class accuracies were observed for the 2007 May pixelbased model, although the pixel-based model resulted in the lowest
overall model error (~21%). This model included data from 118 NT–
cropped, 56 NT–fallow, 34 tilled–cropped, and 22 tilled–fallow sites;
450 trees were included within the forest and 13 variables were
examined at each node split.
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Table 4
Multi-year classiﬁcation (OOB) accuracy for crop and fallow, used in determining 4-year
crop intensity.
Model

Overall
accuracy (%)

Classiﬁcation
matrix

Crop and fallow
August object-based
07
August pixel-based
07
May + August objectbased 07
May object-based 07

91

September objectbased 06
September objectbased 05
July object-based 04

96

82
77
67

93
93

Crop
Fallow
Crop
Fallow
Crop
Fallow
Crop
Fallow
Crop
Fallow
Crop
Fallow
Crop
Fallow

Producer's
(%)

User's
(%)

Crop Fallow Crop

Fallow

178
12
167
24
149
39
145
58
80
4
68
5
103
7

93
84
87
67
79
67
71
36
95
96
93
92
93
93

10
55
21
43
14
29
18
10
5
122
5
65
8
105

95
82
88
64
91
43
89
15
94
96
93
92
93
93

3.2. Crop and fallow
The August-based RF model was able to distinguish senesced crop
from fallow with greater than 82% accuracy (Table 4); the pixel-based
model did not yield higher classiﬁcation accuracy using the August
dataset. Data from 188 cropped and 67 fallow sites were used in
building the object-based model. The RF variable importance plot
indicated that object textural measures such as within-object contrast
and homogeneity were often used as model predictive parameters,
suggesting that object-derived information allowed for greater
predictive ability under certain conditions. Textural measures related
to object-based wetness were also found to inﬂuence model accuracy,
with wetness being greater on cropped surfaces. Misclassiﬁcation
errors within the fallow category were attributed to objects located
within landscapes characterized by narrow (b100-m wide) crop and
fallow strip management. This was likely due to the within-pixel
mixing of crop and fallow spectral signatures. The object-based
classiﬁcation tended to favor the “cropped” class, resulting in a
classiﬁcation bias under these conditions.
3.3. Conservation reserve
The greatest classiﬁcation accuracies pertaining to the discrimination of CR land from small-grains crop were obtained through the
May-based model (Table 5). Data utilized in the building of this model
included 304 cropland (95 till and 209 NT) and 127 CR sites. Total
model accuracy was 99%, with 100% producer's accuracy in the
cropland class (96% user's) and 90% in the CR class (100% user's).
Classiﬁcation error primarily resulted from the misclassiﬁcation of CR
as NT–cropped and tilled–crop. This model consisted of 500 trees,
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with 13 variables types examined at each node split. Predictive
parameters found to be the most important for model generation
included the non-directional grey level co-occurrence (GLCM)
standard deviation for brightness, followed by the mean object
value for thermal, the minimum pixel value for green, the object
standard deviation for blue, and the GLCM mean for red. The GLCM is a
measure of texture within pixel gray levels within a certain object
(Herold et al., 2003).
4. Discussion
The objective of this study was to identify cropland management
types deﬁned, in part, by anthropogenic boundaries stemming from
land ownership. A pixel, when examined as a single unit, does not
inherently provide information concerning landscape patterns and
spatial relationships. Instead, when landscape objects of interest are
distinct and at a scale where they consist of a large number of pixels, it
makes more sense to examine an image based on localized spatiotemporal characteristics (Burnett & Blaschke, 2003).
Image segmentation allowed us to incorporate landscape patterns
into our analysis by deriving spatial, morphological, and contextual
information according to individual cropland ﬁeld locations (Navulur,
2007). Object-based information representing the ﬁeld units of
interest could then be incorporated into the classiﬁcation process, in
addition to spectral information. Landscape patterns resulting from
varied cropping management within ownership parcels could also be
used to deﬁne individual sub-object units for image analysis and
classiﬁcation purposes.
It was expected that the object-based classiﬁcation of tillage type,
CR, and crop and fallow would yield high class accuracies through the
addition of object-based parameters and use of the RF algorithm.
Classiﬁcation success, however, was varied.
4.1. Tillage type
Past studies have reported difﬁculty in the distinction of tillage
from NT in situations where the soil surface is covered by established
crop canopy and plant residues. One pixel-based study applying
logistic regression to late June TM data successfully classiﬁed NT under
crop canopy with a 99% producer's accuracy, but failed to adequately
classify tillage (29% producer's) (Bricklemyer et al., 2006). It was
expected that the object-based approach utilized within this study,
aided by the RF algorithm, would yield higher classiﬁcation accuracies
than those generated through the logistic regression approach. The OO classiﬁcation, however, produced results very similar to those
reported by Bricklemyer et al. (2006). The tillage producer's accuracy
was unacceptable for mapping purposes (31%), although the NT
producer's accuracy was acceptable (91%).
The RF algorithm theoretically should outperform logistic regression, as it is more robust to noise and outliers (Guo et al., 2004).
Studies have demonstrated the superiority of RF to logistic regression

Table 5
Classiﬁcation (OOB) accuracy for crop and CR.
Model

Overall accuracy (%)

Crop and CR
May object-based

97

May + August object-based

91

August object-based

88

May pixel-based

86

Crop
CR
Crop
CR
Crop
CR
Crop
CR

Classiﬁcation matrix

Producer's (%)

User's (%)

Crop

CR

Crop

CR

304
12
87
12
99
17
159
30

0
115
19
219
27
214
22
158

100
90
82
95
79
93
88
84

96
100
88
92
85
89
84
87
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and other popular algorithms in classifying a variety of data sets
(Hothorn & Lausen, 2005; Lee et al., 2005; Qi et al., 2006). The pixelbased RF model yielded a NT producer's accuracy of 92%, with only a
23% user's accuracy for tillage. This suggests that the lower classiﬁcation accuracies generated by the RF approach compared to the
Bricklemyer et al. (2006) study might be attributed to differences
between study data sets. The May data used within this study should
have allowed for the increased detection of surface disturbances as
vegetative canopy was lower than those reported within the late June
data. The study site information incorporated into the RF-based
models might also have reﬂected a greater degree of variability within
regional cropland management as it reﬂected a larger number of study
site locations than those used by Bricklemyer et al. (2006). It has also
been noted that the survey-based data collection methods utilized by
the Bricklemyer et al. (2006) study might have introduced a slight bias
towards NT sites, possibly resulting in a bias within the classiﬁcation
model.
The inability of RF to separate NT from conservation-based tillage
given May data-based spectral, textural, and object neighborhood
information suggests that there is substantial overlap between class
feature characteristics. The May data should have minimized vegetation-based spectral similarities between NT and conservation tillage,
as senesced crop canopy was avoided. We believe that a large part of
the class confusion was a function of the wide use of conservation
tillage within the region. Similarities between NT and other forms of
conservation tillage likely stem from little difference in crop surface
residue amounts between class types. Conservation tillage, by
deﬁnition, leaves at least 30% of the soil surface covered by crop
residue (CTIC, 2004). NT is an extreme form of conservation tillage.
Alternative management types might include the use of V-blades
(Kuepper, 2001), chisel ploughs, or light duty tandem disks to prepare
the soil prior to planting or for weed management on fallow land (Uri,
2000). These tillage types result in a greater amount of soil disturbance
compared to NT but do not fully mix surface residues into the soil as
would moldboard ploughs or heavy duty tandem disks, or repeated
operations of chisel ploughs and/or light duty tandem disks, thus
preserving surface residue amounts.
Managers might decide to incorporate minimal tillage methods, as
opposed to strictly adhering to a NT system, in the event that surface
residue density begins to impede the proper function of planting
equipment or to control chemically tolerant weeds in the hot
droughty summer and fall periods. This observation was conﬁrmed
through verbal communication with area farmers during the 2007
ﬁeld data collection period. Many managers had reported that
contracted combine crews had set cutting lengths too tall in previous
years, resulting in the need to reduce surface residue amounts through
tillage or burning prior to planting crops for the 2007 season.
4.2. Crop and fallow
It has been shown that crop and fallow can be accurately classiﬁed
within Landsat ETM+ imagery using simple NDVI differencing
techniques (Xie et al., 2007), as were used to detect objects
continuously cropped between 2004 and 2007; however, the
incorporation of multiple spectral and object-based data parameters
into a RF classiﬁcation approach allowed the identiﬁcation of crop and
fallow in a post-photosynthetic state. This is of value for years when
cloud or smoke cover limits the availability of image scene
dates. Imagery collected too early might not allow for the detection
of early-emergence spring crops, while those collected late summer or
early fall would not provide spectral signatures from active crop
vegetation, especially in a dryland setting.
RF model accuracies for the classiﬁcation of crop vs. fallow ranged
from 92 to 96%, which were similar to those reported by Xie et al.
(2007) (~ 93% total accuracy) using a spectral angle mapping
algorithm and a NDVI threshold approach. That the RF model was

able to produce results similar to the Xie et al. (2007) study which
used pre-senesced vegetation data, despite the use of data representing post-photosynthetic vegetation, suggests that the incorporation
of textural and neighborhood parameters into the classiﬁcation
model increases the classiﬁer's predictive abilities. Classiﬁcation
error was greater in the pixel-based classiﬁcation, especially for the
fallow class (18% greater producer's, 17% greater user's). This was in
agreement with expectations that a model based solely on spectral
parameters, without added object-based data such as texture, might
have greater difﬁculty in distinguishing between fallow lands
characterized by surface stubble (in NT ﬁelds) and recently harvested
(cropped) ﬁelds in a post-senescence setting. The presence of weeds
might have contributed to some degree of classiﬁcation error,
wherein a ﬁeld might have been misclassiﬁed as cropped as opposed
to fallow, but we were unable to quantify this error as we were not
able to obtain these data. Using an object-based approach, however,
should have been advantageous as the majority of pixels within an
object-area would have to have been weed infested for the resulting
object NDVI value to be characteristic of a highly vegetated (cropped)
area.
The use of a threshold to separate “unchanged” (crop–crop) from
“changed” (crop–fallow or fallow–crop) objects within NDVI difference values provided a direct way to determine change in cropvegetation status between the May 2007 and prior image dates,
despite a temporal difference of more than a month between the
reference and preceding image dates. The use of May data, however,
restricted the ability to detect late planted spring wheat crop that
was still in periods of early emergence. It is recommended that late
June or early July imagery be used when possible to avoid this
situation.
4.3. Conservation reserve
A RF O-O classiﬁcation based on May TM data was able to
successfully separate CR from cropland with producer's accuracies of
90% and 100% (Table 5). Previous pixel-based studies had relied on
more elaborate multi-year techniques to achieve similar accuracies
(Egbert et al., 2002; Price et al., 1997); the pixel-based model accuracy
achieved in this study was the lowest of all generated models (86%).
Classiﬁcation error within the May-based model primarily resulted
from the misclassiﬁcation of CR as NT–cropped and tilled–crop. The
misclassiﬁed sites were often those under recent conversion from
cropland to CR, as was determined by an examination of data supplied
through the MFSA. It was also observed that the misclassiﬁcation rate
was greater at late vegetative maturity (late August), suggesting that
there are greater spectral and textural differences between the
management classes during early stages of growth.
An analysis of model predictive parameters used in the data
splitting process suggests that object-based texture played a role in
the discrimination of crop from CR. Both the textural standard
deviation for brightness and the textural mean for red demonstrated
some degree of importance in the predictive variable plot, a measure
by RF showing the relative degree to which predictor variables
inﬂuenced classiﬁcation accuracy. The high standard deviation in the
texture for brightness likely resulted from greater variation within
cropland surface albedo due to patches of soil exposure, straw stubble,
and vegetation than might be expected at CR locations, which
generally feature a more uniform grassland surface.
Increased object texture exhibited within the red portion of the
spectrum might have resulted from unevenness in soil exposure
throughout site locations, possibly driven by the incorporation of
spectral signatures from both cropped and fallowed strips within
some objects as well as patterns resulting from crop row spacing. CR
sites were also characterized, on average, by a higher mean object
thermal value than cropped sites. It is suspected that this might have
resulted from higher evapotranspiration at the CR sites due to higher
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photosynthetically active plant biomass densities. This observation is
given further support as the average minimum pixel value within
each object was found to be greater for CR sites than for cropland
sites, also indicative of greater vegetative coverage. The average
standard deviation for object reﬂectance in the blue band was also
slightly higher for CR sites than cropland ﬁelds, possibly due to
differences in surface moisture and evapotranspiration.
5. Conclusion
Our results indicated that the incorporation of object-based
parameters into a RF model has the ability to distinguish cropland
from grassland-based CR using image data collected at early stages of
vegetative growth (~May). Study results also showed the ability of an
object-based RF model to separate crop from fallow within a dryland,
post-photosynthesis landscape. We recommend that remote sensing
might be used successfully for the validation and monitoring of
grassland-based CR and crop intensity within north central Montana
for carbon contract purposes. Future studies should be aware of
possible problems resulting from the misclassiﬁcation of CR as
cropland in ﬁelds under recent conversion to CR. Future studies
might also avoid the use of moderate resolution imagery (~30 m) in
agricultural landscapes where narrow (b100 m) crop strip management patterns are used, as misclassiﬁcation was often common within
these areas due to spectral mixing.
We were unable to adequately separate NT from conservation
tillage management using Landsat-based O-O analyses, in conjunction
with RF classiﬁcations. We foresee difﬁculty in discovering a
contracted farmer who has agreed to follow NT practices but is in
fact practicing a less extreme form of conservation tillage (reduced
tillage as opposed to NT). Physical validation of tillage management
within carbon contract sites will likely be necessary if the current
classiﬁcation scheme (NT vs. all levels of tillage) continues to be used
for validation purposes, complimented by satellite-based classiﬁcations to detect heavy tillage disturbances.
We suggest that future research continue to incorporate objectbased approaches to classify cropland practices for carbon contract
validation purposes as these methods allowed for the analyses to
occur on a per-ﬁeld basis. Future research must also continue to
investigate the classiﬁcation strategies that are currently used to
separate tillage management types, determining if a binary “NT vs.
till” approach is appropriate from a spectral and textural standpoint.
This suggestion is made as study results showed great similarity in
surface spectral characteristics (speciﬁcally surface residues) between
NT and sites thought to be under conservation-based tillage management. Alternatively, greater emphasis in future studies might be made
on using relative surface residue amounts to indicate degrees of tillage
usage and ﬁeld disturbance. The incorporation of higher temporal
resolution data, should it become available at the requisite spatial
resolution, could be beneﬁcial as the timing of practices in NT and
conservation tillage scenarios differs.
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