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National Agriculture Imagery Program (NAIP) orthophotography is a potentially
useful data source for land cover classification in the United States due to its nation-
wide and generally cloud-free coverage, low cost to the public, frequent update
interval, and high spatial resolution. Nevertheless, there are challenges when working
with NAIP imagery, especially regarding varying viewing geometry, radiometric
normalization, and calibration. In this article, we compare NAIP orthophotography
and RapidEye satellite imagery for high-resolution mapping of mining and mine
reclamation within a mountaintop coal surface mine in the southern coalfields of
West Virginia, USA. Two classification algorithms, support vector machines and
random forests, were used to classify both data sets. Compared to the RapidEye
classification, the NAIP classification resulted in lower overall accuracy and kappa
and higher allocation disagreement and quantity disagreement. However, the accuracy
of the NAIP classification was improved by reducing the number of classes mapped,
using the near-infrared band, using textural measures and feature selection, and redu-
cing the spatial resolution slightly by pixel aggregation or by applying a Gaussian low-
pass filter. With such strategies, NAIP data can be a potential alternative to RapidEye
satellite data for classification of surface mine land cover.

Keywords: National Agriculture Imagery Program; NAIP; RapidEye; mountaintop
removal coal mining; surface coal mining; land cover classification; machine learning

Introduction

The United States Department of Agriculture (USDA) National Agriculture Imagery
Program (NAIP) orthophotography offers high spatial resolution [1 m ground sampling
distance (GSD)], up to four spectral bands, nearly cloud-free coverage of large areas (e.g.,
entire states) acquired during a single growing season and low cost to the user. For the
state of West Virginia, it is available for the growing seasons of 2007, 2009, and 2011
(Aerial Photography Field Office 2012), potentially allowing multitemporal analysis.
Because of these characteristics, it is compelling to consider these data for land cover
mapping and monitoring. However, prior research has found that high spatial resolution,
variable viewing geometry and illumination, and in some cases limited spectral resolution
can complicate mapping tasks from aerial data (Cushnie 1987; Myeong et al. 2001;
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Bozheva, Petrov, and Sugumaran 2005; Guo et al. 2007; Baker et al. 2013). In compar-
ison, high spatial resolution commercial satellite images can potentially offer large scenes
with relatively consistent viewing and illumination geometry and four to eight well-
characterized spectral bands (Toutin 2009).

This research compares the use of NAIP orthophotography and RapidEye satellite
imagery for the mapping of mining and mine reclamation within an individual mine
complex in the southern coalfields of the eastern United States. RapidEye satellite data
offer five spectral bands and a 5 m cell size (Tyc et al. 2005). RapidEye data were used, as
opposed to IKONOS or other high-resolution satellite data, because cloud-free coverage
was available that was acquired at a time nearly coincident with the NAIP collection,
because the RapidEye constellation of five satellites offers a frequent return time (5.5 days
at nadir) (Tyc et al. 2005), and because the researchers have previously used this imagery
for mapping surface mine land cover (Maxwell et al. 2014) with promising results. The
following factors were investigated:

(1) Comparative classification accuracy for five land cover classes under various
processing scenarios (at the original cell size of each data set, at a common cell
size, at a common radiometric resolution, and at a common cell size and radio-
metric resolution).

(2) The relative importance of different image bands in the random forest (RF)
classification.

(3) The relative importance of multiseasonal data.
(4) The relative importance of the near-infrared (NIR) band for NAIP classification.
(5) The relative improvement in classification accuracy as the number of classes is

reduced.
(6) Improvement in classification accuracy of NAIP with the incorporation of texture

measures from the gray level co-occurrence matrix (GLCM).
(7) Improvement in classification accuracy of NAIP resulting from image smoothing

using a Gaussian low-pass filter.

Background

In recent years, data selection for fine-scale mapping has become more complex due to the
wide range of choices of both aerial- and satellite-based high spatial resolution data.
Determining which sensors offers the appropriate spatial, spectral, temporal, and radio-
metric scales to meet specific mapping needs may not be a simple task as multiple criteria
must be considered and evaluated (Phinn 1998). Variations in the cost of data further
complicate data selection (Tarnavsky et al. 2004; Warner, Nellis, and Foody 2009).

The complexity of land cover mapping from high-resolution aerial imagery has been
previously explored. For example, Myeong et al. (2001) noted that shadows and similarity
in spectral response between mapping classes complicated the mapping of urban cover
from high-resolution (0.61 m pixel size) color-infrared imagery. There is also a growing
literature on the use of NAIP orthophotography for land cover mapping. For example,
Davies et al. (2010) used NAIP to map juniper cover in Idaho, USA, while Meneguzzo,
Liknes, and Nelson (2013) attempted to classify isolated trees in Steele County,
Minnesota, USA. Baker et al. (2013) compared pixel-based and object-based classifica-
tion methods for mapping forest clearings associated with natural gas drilling operations
in Greene County, Pennsylvania, USA. They noted the challenges of using NAIP data for
image classification, including issues related to the range in time of day and season of
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acquisition, which resulted in differences in digital number (DN) values between tiles,
differences in shadow length and direction, and phenological differences. A search of the
current literature suggests that there is little work published on comparison of NAIP and
high-resolution satellite data or NAIP for the classification of mining and mine
reclamation.

Mountaintop mining occurs in southern West Virginia, eastern Kentucky, eastern
Tennessee, and southwestern Virginia, a region known as the southern coalfields of the
eastern United States (USEPA 2005). In this region, mountaintop coal mining is the
leading cause of land use/land cover change (Saylor 2008; Townsend et al. 2009;
Drummond and Loveland 2010). Coal extraction results in forest clearing [e.g., 420,000
ha in Appalachia between 1973 and 2000 (USEPA 2005)] and fragmentation (Wickham
et al. 2007), removal of top soil, and a recontouring of the landscape (Palmer et al. 2010;
Bernhardt and Palmer 2011). Furthermore, mountaintop mining causes faster landscape
alteration than more traditional mining methods such as auger, contour, and highwall
mining (Fritz et al. 2010). After mining is complete, the disturbed areas are reclaimed,
commonly to grasslands or shrublands (Simmons et al. 2008; Kazar and Warner 2013).
More recently, there has been increased interest in reclamation to native forest species on
the topographically altered terrain (Zipper et al. 2011).

Remote sensing has been investigated as a means to map landscape change due to
mining and mine reclamation using data from the Landsat Multispectral Scanner,
Thematic Mapper, Enhanced Thematic Mapper Plus, and SPOT (Rathore and Wright
1993; Townsend et al. 2009; Sen et al. 2012; Zégre, Maxwell, and Lamont 2013).
Mapping mine reclamation is of specific concern as this is commonly the legacy imprint
of mining on the landscape (Negley 2002), although Rathore and Wright (1993) found
that mine reclamation was mapped with lower accuracy than active mining. Recently,
there has been an interest in multitemporal imagery for separating mining and non-mining
as a way to overcome the spectral similarities of reclaimed and undisturbed landscapes
such as pastureland or herbaceous cover (Townsend et al. 2009; Sen et al. 2012). Textural
measures have been investigated as a means to increase classification accuracy using
single-date data (Warner 2011), and such variables have been shown to improve land
cover classification in multiple studies (e.g., Chica-Olmo and Abarca-Hernández 2000;
Agüera, Aguilar, and Aguilar 2008; Ghimire, Rogan, and Miller 2010; Rodríguez-Galiano
et al. 2012a).

Machine learning algorithms such as support vector machines (SVMs) and RF offer
particular advantages for classifying high spatial resolution imagery of mined landscapes.
Machine learning algorithms have been shown generally to be more accurate and efficient
than parametric classifiers, which make assumptions regarding the data distribution
(Hansen, Dubayah, and DeFries 1996; Huang, Davis, and Townshend 2002; Rogan
et al. 2003; Pal 2005; Ghimire et al. 2012; Loosvelt et al. 2012). Pal (2005) suggests
that SVM and RF can provide comparable map accuracies, though RF is simpler to apply.
Previous work by the authors (Maxwell et al. 2014) suggests that SVM provided a more
accurate classification than RF for classification of surface mine land cover from high-
resolution satellite imagery. In addition, optimizing the SVM algorithm, often the most
time-consuming step in executing the algorithm, did not statistically increase the accuracy
of the classification, suggesting that the method is relatively robust (Maxwell et al. 2014),
although other studies have suggested that optimization may be of importance (Pal 2005).

SVMs make use of structural risk minimization to find the hyperplane that separates
two classes with the maximum margin; it is an implementation of statistical learning
theory and optimization algorithms to locate decision boundaries between data classes
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(Vapnik 1995; Burges 1998; Pal and Mather 2005; Pal 2005; Su and Huang 2009). The
points that lie closet to the hyperplane, termed “support vectors,” define the margin.
Because SVM algorithms are designed for two-class problems only, strategies have been
developed incorporating multiple SVM algorithms to generate a multiclass classification
(Vapnik 1995; Pal and Mather 2005; Pal 2005). The e1071 package in R, which is the
implementation of SVM used in this research, uses a “one-against-one” approach for
multiclass classification in which binary classifiers are trained and the appropriate class is
found by a voting scheme (Meyer et al. 2012).

RF, introduced by Breiman (2001), uses multiple decision trees as a means to improve
the accuracy and consistency of single-tree classifications. RF functions as an ensemble of
decision trees and is a nonparametric learning algorithm. Bagging, which comprises
bootstrap sampling with replacement (Breiman 1996), is used to generate a subset of
the data to train each tree instead of using the entire training data set. The remaining data,
termed out-of-bag (oob) data, are withheld and can be used for accuracy assessment.
Instead of using all predictor variables in each tree, RF uses a random subset of the
predictor variables (the number of which is defined by the user) to grow each tree of the
ensemble. Although the use of a subset of variables decreases the classification accuracy
of any one tree, correlation between trees is also reduced, resulting in a reduction in
generalization error, which is the strength of RF. The Gini index, which provides a
measure of impurity of a given class with respect to the rest of the classes, is used to
select the best predictor among the randomly selected predictor variables available at each
node (Breiman 2001; Ghimire, Rogan, and Miller 2010; Rodríguez-Galiano et al. 2011;
Ghimire et al. 2012; Rodríguez-Galiano et al. 2012a, 2012b).

Study area

The study area is a single large mine complex, the Hobet-21 mountaintop mine in Boone
and Lincoln counties, West Virginia, USA (Figure 1). It is the largest surface mine
complex in the Appalachian region (Keene and Skousen 2010), with a wide variety in
age of disturbance, vegetation, and land cover. Historical imagery shows that some of the
mining disturbance predates 1987, while portions of the mine were still active at the time
of this study. Multiple remotely sensed data sets are available for this site, including NAIP
orthophotography, light detection and ranging (LiDAR) data, multiple RapidEye scenes,
and high-resolution imagery from Pictometry International Corporation (Rochester, New
York). Multiple data sources allowed the collection of accurate training and assessment
data, making this an excellent location to study surface mine mapping. A total area of
5500 ha was classified within the extent of the Hobet-21 mine.

Methods

Data

The characteristics of the NAIP and RapidEye data used are described in Table 1. The
RapidEye data were provided by the supplier as an orthorectified product (termed 3A),
which has a nominal error of potentially less than 1 pixel under ideal circumstances (e.g.,
nadir view and flat terrain) (RapidEye 2009). The primary RapidEye data over the study
site were acquired at a view angle of 6.72° (i.e., close to nadir), but the topography of the
study site is complex; therefore, the error may be greater than 1 pixel. Nevertheless, a
visual inspection of an overlay of the two image data sets did not show noticeable
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Figure 1. Hobet-21 surface mine complex. Base image for the top image is the NAIP orthophoto-
graphy acquired on 14 July 2011. Base image for the bottom image is the RapidEye satellite
imagery (© (2013) BlackBridge S.àr.l. All rights reserved) acquired on 1 August 2011. The depicted
mine extent is based on the surface mining permit obtained from WVDEP. The map is projected in
NAD83 UTM Zone 17 N.

Table 1. Characteristics of NAIP orthophotography and RapidEye satellite imagery used.

Sensor and data
attributes

National Agriculture Imagery Program
(NAIP) orthophotography RapidEye satellite imagery

Collection Date 14 July 2011 1 August 2011
Platform Aircraft Satellite
Sensor type Digital camera (Intergraph Z/I Imaging

Digital Mapping Camera)
Multispectral push broom imager

Spatial resolution 1 m GSD 6.5 m GSD (resampled to 5 m)
Spectral resolution Blue (400–580 nm)

Green (500–650 nm)
Red (590–675 nm)
NIR (675–850 nm)

Blue (440–510 nm)
Green (520–590 nm)
Red (630–685 nm)
Red edge (690–730 nm)
NIR (760–850 nm)

Radiometric
resolution

12-bit (provided at 8 bit) 12-bit (provided at 16 bit)

Temporal resolution Potentially every other growing season Potentially daily (5.5 days at nadir)
Seasonality Growing season (leaf-on) Potentially multiseasonal
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differences, suggesting that the registration was adequate for the analysis and not likely to
affect the classification. However, as a precaution in case of co-registration problems or
potential changes in land cover between the data set acquisitions, each pixel in the training
and assessment data sets was checked to ensure that the assigned land cover class for that
location was the same in each data set. Any sample that failed this test (less than 5% of all
samples) was excluded from the analysis. In this study, single-date imagery in which the
training, assessment, and image data were on the same scale was used; as a result, as
suggested by Song et al. (2001), DN values were used as delivered, not converted to
reflectance or with atmospheric corrections applied.

The NAIP orthophotography was collected with an Integraph Z/I Imaging Digital
Mapping Camera (DMC) on 14 July 2011, and thus leaf-on conditions during the growing
season were captured. This imagery has a 1 m GSD and four spectral bands (blue, green,
red, and NIR) as described in Table 1. The data were provided by the Aerial Photograph
Field Office of the USDA Farm Service Agency as uncompressed quarter quadrangles.
These tiles were mosaicked to produce a single image covering the mine.

The RapidEye data were collected on 1 August 2011. The scene has an average center
azimuth angle of 279.6°, sun azimuth of 165.1°, and sun elevation of 69.6°. The satellites
have sensors with five spectral bands, as described in Table 1 (Tyc et al. 2005). The GSD
of the system is 6.5 m. The 3A product used in this study has radiometric, sensor, and
geometric corrections applied and is orthorectified to a 5 m grid. The Hobet-21 mine
complex is covered by a single image tile; so there was no need to mosaic multiple tiles.

A second RapidEye image was also used in the analysis in order to assess the benefit
of multiseasonal data. The image was collected on 1 April 2010, prior to spring leaf out.
The scene has an average center image view angle of –2.82°, azimuth angle of 110.2°, sun
azimuth of 171.2° and sun elevation of 56.5°. Although the multiseasonal data were
combined to assess the potential benefits of multiseasonal data, which is not possible with
NAIP, the primary objective of this study was to compare leaf-on, single-date imagery.

Image processing

Resampling was necessary in order to compare the images at a common cell size. As the
RapidEye data are collected at a 6.5 m resolution and then subsequently resampled to 5 m,
the coarsest resolution of the two data sets, 6.5 m, was used as the common cell size for
analysis. Due to the much smaller original cell size of the NAIP imagery (1 m), it was
resampled using pixel aggregation to 6.5 m, while the RapidEye data were resampled
using cubic convolution. As cubic convolution resampling may smooth the image, nearest
neighbor resampling was also tested, and no statistical difference in classification was
noted between the resulting classifications using the two resampling methods. As a result,
cubic convolution was used in the subsequent analyses. Also, each image was converted
to an 8-bit stretch using a linear rescaling in order to allow for comparison of the images
at a common radiometric scale.

GLCM texture measures (Haralick, Shanmugam, and Dinstein 1973) were calculated
from the NAIP orthophotography. To facilitate comparison between the data sets, the
texture calculations were applied to the imagery at the common 6.5 m pixel size. The
following textural bands were calculated: variance, homogeneity, contrast, dissimilarity,
entropy, second moment, and correlation. The mean was not included as the impact of
smoothing the data was assessed separately. The textural measures were calculated from
the red and green bands and also the first and second principle component bands. In order
to assess the texture at different spatial scales, three different offsets, 3, 2, and 1 pixels,
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were tested. The kernel size, which determines the amount of smoothing (Warner 2011),
was set to be close to the minimum possible given the offset distance. The kernel size was
set at 11 × 11 for the 3 pixel offset, 7 × 7 for the 2 pixel offset, and 5 × 5 for the offset of
1. Texture was calculated in the vertical, horizontal, and diagonal directions and then
averaged in order to produce a composite, non-directionally sensitive value (Warner
2011). A total of 84 textural measures were produced.

A visual comparison of the 6.5 m NAIP and RapidEye data suggested that the latter
image has a smoother texture (i.e., more autocorrelation), even though both images had
the same nominal pixel size. Therefore, as an experiment, the 6.5 m NAIP was smoothed
with a Gaussian low-pass filter with kernel sizes of 3 × 3, 5 × 5, and 7 × 7 pixels.
Although applying a simple Gaussian low-pass filter does not replicate the modulation
transfer function (Myneni et al. 1995) of the RapidEye sensor, this method provides a
simple means to assess whether or not blurring the image (i.e., reducing the effective
spatial resolution) would improve the classification accuracy of the NAIP data.

In summary, the NAIP imagery provided four bands, or predictor variables, for the
classification. These four bands were used in the classification algorithms at the original cell
size (1 m), resampled to 6.5 m, and also smoothed using the Gaussian filter. After
calculating the textural measures, 88 predictor variables were available from NAIP (the
four image bands and 84 textural measures). RapidEye provided five image bands, which
were used in the classification algorithms at the original cell size, resampled to 6.5 m, and
reduced to an 8-bit radiometric range. Combining the primary, leaf-on RapidEye data with
the leaf-off scene resulted in a total of 10 predictor variables available to classify land cover.

Land cover classes

Five land cover classes were mapped within the surface mine: forested (not disturbed),
reclaimed-herbaceous vegetation, reclaimed-woody vegetation, barren, and water
(Table 2). In order to assess potential increases in classification accuracy when the number
of classes is reduced, the data were also classified with the forested and reclaimed-woody
vegetation classes combined, resulting in a four-class problem: woody vegetation, herbac-
eous vegetation, barren, and water. In addition, the data were also classified with the
vegetation classes combined, resulting in just three classes: vegetated, barren, and water.

Training data

Training data polygons were delineated by manual interpretation of multiple sources
including the following: NAIP orthophotography, RapidEye imagery (both leaf-on and

Table 2. Land cover class definitions.

Class Description

Forested (not disturbed) Land dominated by mature, woody vegetation that has not been
directly disturbed by surface mining; mature forest that
generally represents pre-mining conditions of the slopes

Reclaimed-herbaceous vegetation Reclaimed areas dominated by herbaceous/non-woody
vegetation

Reclaimed-woody vegetation Reclaimed areas dominated by clumped or clustered woody
plants that include shrubs and immature trees

Barren Barren land lacking vegetation, manmade structures, haul
roads, active quarries, lands disturbed by mining

Water Water, including retention ponds, streams, and standing water
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leaf-off), 1 m resolution Pictometry orthophotography, LiDAR-derived topographic slope,
first return intensity, and normalized digital surface model raster grids. As these data span
the period from March 2010 (Pictometry orthophotography) to August 2011 (most recent
RapidEye image), there was potential for landscape change during the data collection period
due to mine expansion or reclamation activities. Therefore, the training data were screened
for potential change, and only samples where the land cover appeared to be the same in all
data sets were used. The number of training polygons collected is summarized in Table 3.

The software tool Geospatial Modeling Environment (Beyer 2012) was used to draw a
random sample of training pixels from the polygons; 1000 pixel examples of each class
were randomly selected. Because water is not a common cover type in the mine complex,
it was not possible to collected 1000 examples for that class. In total, 4386 pixels were
utilized to train the models as summarized in Table 3.

Classification methods

In order to generalize the results of this study, two different per-pixel classifiers were
utilized, SVM and RF, as implemented within the statistical software tool R (R
Development Core Team 2012), using the e1071 package (Meyer et al. 2012) and the
randomForest package (Liaw and Wiener 2002), respectively.

Optimization of the parameters for the SVM and RF algorithms was carried out using a
10-fold cross-validation grid search approach using the e1017 package in R (Meyer et al.
2012). This tuning function partitions the data into 10 disjoint training sets, using a random
assignment. The classifier is then trained 10 times, and each time the remaining 90% of the
data not used for training in that instance is used for validation to test for optimal parameter
settings. Overall accuracy is calculated as the average across the 10 cross-validations. This
function offers a means to test parameter combinations relative to how well withheld
training data are classified. Once a coarse grid search using a wide range of parameter
values was performed, a second grid search of values centered on the initial optimal value,
and with a narrow range, was performed in order to further refine the estimate. Optimization
was performed for each classification separately to ensure optimal parameters for the
particular set of predictor variables tested. For SVM, a radial basis function kernel was
used, and it was necessary to optimize the cost (C) and gamma (γ) parameters using the
tuning function. For RF, it was necessary to optimize the number of predictor variables
randomly sampled as candidates at each node (m) and also the number of trees to grow (k).

Table 3. Number of training polygons, areas (ha) of training polygons, and number of randomly
selected training pixels manually interpreted for each land cover class based on manual interpreta-
tion of multiple sources.

Land cover class

Number of
training
polygons

Area of
training

polygons (ha)

Number of training pixels randomly
selected from within the training

polygons

Forested (not disturbed) 81 77.0 1000
Reclaimed-herbaceous
vegetation

85 25.5 1000

Reclaimed-woody
vegetation

55 8.7 1000

Barren 64 21.7 1000
Water 30 1.7 386
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Error assessment

Classification accuracy was assessed through an independent data set, which did not use
any pixel from the training data or from within the training polygons from which they
were selected. A stratified sample for the accuracy assessment was chosen because
reclaimed-woody vegetation and water classes are not common cover types in the study
area and thus would typically be only rarely selected in a purely random approach. A total
of 1300 pixels were randomly selected, 260 in each of the five land cover classes.

For each of the validation pixels, the dominant land cover category over the 6.5 × 6.5
m nominal area of the pixel was visually interpreted from the Pictometry, RapidEye,
NAIP, and LiDAR data. As one goal of this work was to compare the statistical difference
in map output, it was necessary to use the same validation data for all predictor variable
combinations. Also, only validation points that were interpreted as the same cover type in
all of the reference data sets were used in the analysis. This may have resulted in a slight
inflation of map accuracy as mixed pixels may have been excluded.

From the randomly selected accuracy assessment data, error matrices and kappa statis-
tics were produced. Since stratified random sampling was implemented, it was necessary to
calculate the overall accuracy by weighting the class accuracies by the proportion of land
cover within the study area (Stehman and Foody 2009). Following Pontius and Millones
(2011), quantity disagreement and allocation disagreement were also calculated. Quantity
disagreement provides a measure of error in the proportions of the categories, while
allocation disagreement provides a measure of error in the spatial allocation of the cate-
gories (Pontius and Millones 2011). Allocation and quantity disagreement sum to overall
error. Although the value of kappa is questioned (Pontius and Millones 2011), the statistic
was nevertheless provided for potential comparisons to other studies.

In order to evaluate the statistical significance of any differences in the classifications,
the results were compared on a pairwise basis using McNemar’s test (Dietterich 1998;
Foody 2004). First, 2-by-2 confusion matrices were produced that summarized the
number of pixels correctly classified by both of the methods being compared, the number
incorrectly classified by both methods, and the number classified correctly by one attempt
but not the other. McNemar’s test is a test of statistical difference that generates a z-score
from this 2-by-2 matrix and is based on a chi-square test that compares the distribution of
error expected under the null hypothesis (that the classifications have the same error rates)
and the observed error. A z-score larger than 1.645 indicates a 95% confidence of
statistical significance for the one-directional test of whether one classification is more
accurate than the other (Bradley 1968; Dietterich 1998; Foody 2004; Agresti 2007).

Importance in RF model

The RF algorithm generates an estimate of predictor variable importance during training
by excluding each variable sequentially and recording the resulting increased oob error
(Breiman 2001; Rodríguez-Galiano et al. 2012a, 2012b). This feature of RF was used as a
means to assess the importance of predictor variables, including raw image bands and
textural measures. For example, the importance of the NAIP and RapidEye spectral bands
were assessed in a model using both image data sets.

Results and discussion

Table 4 compares the NAIP and RapidEye data at the original cell sizes of each data set
(i.e., 1 m for NAIP, 5 m for RapidEye), a common cell size (6.5 m), a common
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radiometric resolution (8 bit) and the original cell sizes, and a common cell size and
radiometric resolution (6.5 m, 8 bit). At the original cell size, the RapidEye imagery was
found to provide an overall accuracy for mapping the five classes 9.6% greater than the
NAIP imagery using the SVM algorithm and 10.6% greater using the RF algorithm, and
both these differences were found to be statistically significant using McNemar’s test [z-
score (SVM) = 8.062 and z-score (RF) = 8.322]. This higher accuracy for RapidEye data
compared to NAIP is also reflected in kappa, allocation disagreement, and quantity
disagreement; the classification of the RapidEye data had lower allocation and quantity
disagreement and a higher kappa.

With a coarsening of the NAIP data to a 6.5 m pixel, accuracy increased by 2.3% for
the SVM algorithm and by 3.4% for the RF algorithm. Both increases were shown to be

Table 4. Comparison of map accuracy for NAIP and RapidEye.

Method Parameter NAIP RapidEye McNemar z-score

Comparisons at original cell size (1 m NAIP, 5 m RapidEye)
SVM OA (%) 81.2 90.8 8.062*

K (%) 74.5 87.4
AD (%) 10.1 2.9
QD (%) 8.7 6.3

RF OA (%) 80.0 90.6 8.322*
K (%) 73.0 87.1

AD (%) 10.2 3.4
QD (%) 9.8 6.0

Comparisons at common cell size (6.5 m NAIP and RapidEye)
SVM OA (%) 83.6 90.3 5.852*

K (%) 77.8 86.6
AD (%) 7.0 3.5
QD (%) 9.4 6.2

RF OA (%) 83.4 90.9 6.041*
K (%) 77.4 87.4

AD (%) 8.8 4.3
QD (%) 7.8 4.8

Comparison at same radiometric scale (8 bit) and original cell size (1 m NAIP, 5 m RapidEye)
SVM OA (%) 81.2 90.5 7.673*

K (%) 74.5 87.1
AD (%) 10.1 3.3
QD (%) 8.7 6.2

RF OA (%) 80.0 91.1 8.806*
K (%) 73.0 87.8

AD (%) 10.2 3.0
QD (%) 9.8 5.9

Comparison at common cell size (6.5 m) and same radiometric scale (8 bit)
SVM OA (%) 83.6 90.2 5.826*

K (%) 77.8 86.5
AD (%) 7.0 3.2
QD (%) 9.4 6.6

RF OA (%) 83.4 91.1 6.652*
K (%) 77.4 87.7

AD (%) 8.8 3.3
QD (%) 7.8 5.6

Notes: OA = Overall accuracy, K = Kappa statistic, AD = Allocation disagreement, QD = Quantity disagreement.
A z-score for McNemar’s test larger than 1.645 (*) indicates a 95% confidence interval of statistical significance
for the one-directional test of whether one classification is more accurate than the other.
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statistically significant [z-score (SVM) = 2.668 and z-score (RF) = 3.621]. Reduced spatial
resolution associated with an increase in the cell size or with smoothing may result in a
less complex and heterogeneous signatures for the map classes, producing increased
classification accuracy (Latty et al. 1985; Warner, Nellis, and Foody 2009). However,
the NAIP 6.5 m data classification was still found to be less accurate than the RapidEye
6.5 m classification (Table 4) [z-score (SVM) = 5.852 and z-score (RF) = 6.041], though
the z-scores were smaller than those for the comparison at the original cell sizes.
Allocation and quantity disagreement were also reduced. This suggests that coarsening
the NAIP data increased classification accuracy, but not to the level obtained from the
RapidEye data. Baker et al. (2013) also found that coarsening NAIP improved classifica-
tion accuracy for a pixel-based classification.

Table 4 suggests that radiometric resolution had little impact on the classification
accuracy. For example, reducing the RapidEye data to an 8-bit radiometric range only
decreased the accuracy by 0.3% using the SVM algorithm, which was not a statistically
significant difference [z-score (SVM) = 1.347 and z-score (RF) = 0.714]. Also, the
RapidEye data on an 8-bit scale were still found to be statistically more accurate than
the NAIP data at the original cell size and at a common cell size. This finding suggests
that decreasing the radiometric resolution, perhaps to reduce the file size, may not have a
large impact on classification accuracy for this specific classification task.

Figure 2 shows the relative importance of predictor variables as estimated by the oob
mean decrease in accuracy for a RF model using both the RapidEye and NAIP spectral
bands at the original cell sizes. The analysis suggests that all of the RapidEye bands were
more useful in the model than the NAIP bands. The greater importance of the RapidEye
bands is likely due to a more consistent viewing geometry and illumination conditions for
satellite data in comparison to an aerial image mosaic, perhaps resulting in a more
consistent class signature throughout the extent of the mapped area. Figure 3 provides
the same comparison of relative importance, except for the data at a common cell size (6.5
m). Once the NAIP data were coarsened, the NAIP bands take on a greater importance in
the model, particularly the NAIP blue and NAIP NIR bands. This supports the finding
discussed above: coarsening the data improves classification accuracy of NAIP orthopho-
tography for this mapping task. As an improvement in classification was found when the
NAIP data were coarsened to 6.5 m, the 6.5 m data were used for the rest of the analysis.

NAIP orthophotography is not always provided with a NIR band. For example, the
2009 collection for the state of West Virginia was only a true color collection. Therefore,
the usefulness of the NIR band was tested here. Removing the NIR band from the analysis
resulted in a 5.7% decrease in classification accuracy for the SVM algorithm and a 6.0%

NAIP Band 4 (NIR)

RapidEye Band 1 (Blue)

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35

oob Mean Decrease in Accuracy

RapidEye Band 2 (Green)
RapidEye Band 3 (Red)

RapidEye Band 4 (Red Edge)
RapidEye Band 5 (NIR)

NAIP Band 1 (Blue)
NAIP Band 2 (Green)

NAIP Band 3 (Red)

Figure 2. Relative importance of predictor variables for NAIP and RapidEye at provided cell size
as estimated by the oob mean decrease in accuracy by RF.
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decrease in accuracy for the RF algorithm. The overall accuracy dropped below 80% for
both the SVM and RF models, and both allocation and quantity disagreement increased.
Removing the NIR band resulted in a statistically significant decrease in accuracy for both
classifiers [z-score (SVM) = 7.993 and z-score (RF) = 8.459]. This confirms the expected
finding that there is merit in using the NIR band if NAIP data are to be used for
classification tasks and NIR data are available.

As NAIP is acquired during the growing season, leaf-off data are not available, unlike
satellite data where phenology can potentially be captured through multitemporal imagery.
To assess the merit of multiseasonal data, leaf-on and leaf-off RapidEye data were
compared, and then combined for a classification using leaf-on and leaf-off bands.
Leaf-on data provided a statistically more accurate classification than the leaf-off data
using both the SVM and RF algorithms [z-score (SVM) = 3.273 and z-score
(RF) = 4.020]; however, the accuracy difference is much less than the difference between
classification of NAIP and leaf-on RapidEye data. In comparison to the leaf-off data,
classification of the leaf-on data resulted in only a 0.9% increase in accuracy using SVM
and a 3.2% increase using RF; however, the differences were in both cases statistically
significant [z-score (SVM) = 4.020 and z-score (RF) = 3.273]. This suggests that leaf-on
data are marginally more useful for this classification task. When the data were combined
in a multiseason layer stack, the accuracy statistically improved compared to the leaf-on
and leaf-off models, resulting in a 3.7% increase over the leaf-on data using the SVM
algorithm and a 3.3% increase using the RF algorithm. Figure 4 indicates that both leaf-on
and leaf-off bands were important to the RF model. In summary, multiseasonal data

NAIP Band 4 (NIR)

RapidEye Band 1 (Blue)

0.00 0.05 0.10 0.15 0.20 0.25 0.30

oob Mean Decrease in Accuracy

RapidEye Band 2 (Green)
RapidEye Band 3 (Red)

RapidEye Band 4 (Red Edge)
RapidEye Band 5 (NIR)

NAIP Band 1 (Blue)
NAIP Band 2 (Green)

NAIP Band 3 (Red)

Figure 3. Relative importance of predictor variables for NAIP and RapidEye at common cell size
(6.5 m) as estimated by the oob mean decrease in accuracy by RF.

Leaf-Off (NIR)

Leaf-Off (Green)
Leaf-Off (Blue)
Leaf-Off (NIR)

Leaf-On (Red Edge)
Leaf-On (Red)

Leaf-On (Green)
Leaf-On (Blue)

0.00 0.05 0.10 0.15 0.20 0.25 0.30

oob Mean Decrease in Accuracy

Leaf-Off (Red)
Leaf-Off (Red Edge)

Figure 4. Relative importance of predictor variables for leaf-on and leaf-off RapidEye bands as
estimated by the oob mean decrease in accuracy by RF.
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increased map accuracy for this classification task. This is of concern for NAIP, as
multiseasonal data are not available.

The error matrix for the NAIP (6.5 m) classification using RF is shown in Table 5, and
the error matrix for the RapidEye classification using RF is shown in Table 6. Four
classification results are shown in Figure 5, using both the RF and SVM classifiers. The
error trends are very similar for both the SVM and RF models, with the reclaimed-woody
vegetation class having the lowest producer’s accuracy for both the NAIP and RapidEye
classifications. This can be attributed to confusion with forest cover and somewhat to
confusion with reclaimed-herbaceous cover. This is expected, as reclaimed-woody

Table 5. Error matrix for NAIP (6.5 m cell size, 8-bit) classification using RF.

Reference data

Forested
(not

disturbed)

Reclaimed-
herbaceous
vegetation

Reclaimed-
woody

vegetation Barren Water
User’s
accuracy

Classification Forested (not
disturbed)

238 0 67 0 6 76.5%

Reclaimed-
herbaceous
vegetation

10 232 11 8 12 84.0%

Reclaimed-
woody
vegetation

12 21 182 0 15 79.1%

Barren 0 7 0 241 22 89.3%
Water 0 0 0 11 205 94.9%
Producer’s
accuracy

91.5% 89.2% 70.0% 92.7% 78.8%

Note: The overall accuracy is 83.4%.

Table 6. Error matrix for leaf-on RapidEye (6.5 m cell size, 12-bit) classification using RF.

Reference data

Forested
(not

disturbed)

Reclaimed-
herbaceous
vegetation

Reclaimed-
woody

vegetation Barren Water
User’s
accuracy

Classification Forested (not
disturbed)

245 0 29 0 0 89.4%

Reclaimed-
herbaceous
vegetation

0 238 13 3 2 93.0%

Reclaimed-
woody
vegetation

15 4 218 0 0 92.0%

Barren 0 18 0 251 19 87.2%
Water 0 0 0 6 239 97.6%
Producer’s
accuracy

94.2% 91.5% 83.8% 96.5% 91.9%

Note: The overall accuracy is 90.9%.
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vegetation has similar spectral characteristics to both of these classes. For both image data
sets, reclaimed-herbaceous vegetation was confused with barren cover; this confusion
may be attributed to the patchy, heterogeneous nature of the vegetation in some reclaimed
areas, which likely resulted in a mixed pixel problem. In the early stage of reclamation, in
which vegetation is just beginning to regrow on the barren landscape, herbaceous cover is
often present but can be sparse. In active surface mines where a wide range of disturbance
and reclamation classes exist on a steep and heterogeneous landscape, the separation of
these two classes is complex, and the boundary between them may be gradational as
barren cover transitions to herbaceous cover.

For the NAIP classification, producer’s accuracy for water was also generally low,
likely as a result of the variability in water reflectance on mine sites. Spectral reflectance
may vary between small settlement ponds, water retention ponds, and treatment ponds that
may have a wide variety of chemical precipitates, dissolved chemicals, and sediment
levels. This complicates the classification of water in surface mines.

In comparison to the NAIP classification, producer’s accuracy was greater for all
classes for the RapidEye classification using either the SVM or RF algorithm, and the
user’s accuracy was higher in comparison to NAIP for all classes except barren for the RF

Forested

Legend

C D

BA

Reclaimed-herbaceous

Reclaimed-woody

Water

Barren

Figure 5. Land cover classification using (A) NAIP orthophotography (6.5 m) and SVM, (B) NAIP
orthophotography (6.5 m) and RF, (C) RapidEye (6.5 m) and SVM, (D) RapidEye (6.5 m) and RF.
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model. This generally suggests that the increase in accuracy associated with RapidEye
cannot be attributed to alleviating a single misclassification problem; RapidEye allows for
enhanced separation of most classes in comparison to NAIP.

Since the reclaimed-woody vegetation class showed confusion with forest cover, it
was combined with the forest class to produce a woody vegetation class and, in doing
so, simplifying the classification to a four-class problem. This increased the classifica-
tion accuracy of the NAIP (6.5 m) data by 5.4% using the SVM algorithm and 5.2%
using the RF algorithm. Although the reduction in the number of classes resulted in a
substantial improvement in classification accuracy for NAIP, these results were still
significantly less accurate than the RapidEye classification with four classes [z-score
(SVM) = 4.469 and z-score (RF) = 4.833]. Combining all vegetation classes to create a
three-class problem increased the accuracy by 10.7% in comparison to the five-class
classification for the NAIP classification using the SVM algorithm and 10.7% using the
RF algorithm. Nevertheless, the RapidEye results with just three classes were still more
accurate than the NAIP classification [z-score (SVM) = 4.181 and z-score (RF) = 3.579].
Even though RapidEye provided a higher classification accuracy, the NAIP classifica-
tion accuracy was nevertheless high (SVM = 94.3% and RF = 96.7%), suggesting that
NAIP may be appropriate if a relatively small number of classes are to be separated.

Although many studies suggest an improvement in classification with the inclusion of
textural measures (e.g., Ghimire, Rogan, and Miller 2010; Rodríguez-Galiano et al.
2012a), in this study, incorporating all 84 textural measures derived from the NAIP data
did not increase accuracy to that of the RapidEye spectral data alone. Improvements were
observed for the NAIP spectral and texture bands compared to classification using only
the image bands from NAIP, but only in some cases was this improvement statistically
significant. On the other hand, in some cases, the addition of the textural bands decreased
the overall accuracy, especially for the SVM algorithm. For all bands used (red, green,
first principle component, and second principle component), the textural measures were
found to be much less important than the spectral bands, suggesting they provide little
additional information for the classification.

It has been suggested that increasing the number of predictor variables can cause a
decrease in classification accuracy, contrary to what might be expected, a phenomenon
known as the Hughes effect or “curse of dimensionality” (Hughes 1968; Rodríguez-
Galiano et al. 2012a). For the RF algorithm, this decrease in performance with additional
predictor variables was noted by Evans et al. (2011) and Hastie, Tibshirani, and Friedman
(2009). As a result, feature selection was tested as a means to increase the classification
accuracy when using measures of texture. The feature selection method implemented is
after Murphy, Evans, and Storfer (2010) and uses a model selection approach that uses
variable importance measures to select a model with reduced dimensionality and poten-
tially increased classification accuracy. Models using the top 10%, 20%, 50%, 70%, 90%,
and all the variables were tested. The greatest accuracy was found using the top 10% of
the variables, which included all the image bands and a subset of the spectral bands. Even
though an increase in accuracy was observed using the top 10% of the predictor variables,
all of the image bands were nevertheless found to be of greater importance than the
selected textural measures. Using the top 10% of the bands resulted in a statistically
significant increase in accuracy relative to using all bands and textural measures
(z-score = 2.090) and a statistically significant increase relative to using just the spectral
bands (z-score = 4.016) for the RF algorithm. However, it was still less accurate than the
RapidEye classification (z-score = 3.491).
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Given that producing these texture bands is time-consuming, deciding upon which
measures to use, appropriate kernel sizes and offset distances, and which spectral bands to
calculate them from, can be subjective, and feature selection may be required to reap the
full benefit of these measures, it is questionable whether there is merit in calculating these
measures as the potentially slight classification improvement is outweighed by complexity
and the time-consuming nature of the task.

The NAIP data were also smoothed using a Gaussian low-pass filter with kernel sizes of
3 × 3, 5 × 5, and 7 × 7 pixels. Smoothing was found to produce a greater increase in
accuracy than adding texture bands. Smoothing with a 3 × 3 pixel kernel did not statistically
increase the classification accuracy with the SVM algorithm (z-score = 0.686); however, it
did for RF (z-score = 2.546). At kernel sizes of 5 × 5 and 7 × 7 pixels, a statistically
significant increase was observed, and the highest classification accuracy for the five-class
problem using the NAIP imagery was obtained using the RF algorithm with the image
resampled to 6.5 m and a Gaussian low-pass filter with a 7 × 7 pixel kernel size applied. An
overall accuracy of 88.1% was obtained (a 4.7% increase in accuracy relative to the NAIP
6.5 m classification without smoothing and a 8.1% increase in accuracy relative to the NAIP
1 m classification without smoothing); however, this classification was still found to be
statistically less accurate than the classification of the RapidEye data without any smoothing
(z-score = 2.965). The model using the top 10% of the image bands and textural measures
was found to be statistically comparable to this output (z-score = 0.825).

Comparing the results using the textural measures and the Gaussian low-pass filter
indicates that smoothing the data yielded a higher increase in classification accuracy than
utilizing texture unless feature selection was implemented. Perhaps this is a result of
reduced heterogeneity within class signatures. Minimizing this heterogeneity using
smoothing may be an alternative to trying to characterize the heterogeneity using textural
calculations.

Conclusions

In this study, the accuracy of classification with NAIP was statistically less accurate than that
of RapidEye satellite imagery for classification of five classes within a surface mine permit.
This suggests that RapidEye satellite data are more suited for this mapping task. Nevertheless,
NAIP orthophotography has many characteristics that make it useful for surface mine
mapping and monitoring, including its availability for multiple years, a general lack of
cloud cover, contiguous coverage of large areas, availability, and low cost to the user.

Although the accuracy of classification with NAIP was not found to be comparable to
that of RapidEye, the NAIP imagery provided a high classification accuracy when the
number of classes was reduced to four or fewer classes. If the aim of a mapping project is
only to differentiate vegetated and non-vegetated cover, or to differentiate woody vegeta-
tion from non-woody vegetation, NAIP may be adequate. Reducing the spatial detail,
either by simply increasing the pixel size or by smoothing the data using a Gaussian low-
pass filter, also increased classification accuracy. Textural measures from the GLCM were
of value, but feature selection was necessary to select amongst the large number of
derived texture variables. If NAIP data are to be used for classification, the NIR band is
of value and should be acquired and used, if available.

In summary, NAIP orthophotography offers a wealth of data and should not be
ignored as a potential data set for classification. Although perhaps not as useful as satellite
imagery for image classification, NAIP does offer many favorable characteristics for
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mapping changing terrains, such as the mountaintop mining region of the eastern United
States.
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