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Combining RapidEye Satellite Imagery and Lidar 
for Mapping of Mining and Mine Reclamation

Aaron E. Maxwell, Timothy A. Warner, Michael P. Strager, and Mahesh Pal

Abstract 
The combination of RapidEye satellite imagery and light 
detection and ranging (lidar) derivatives was assessed for 
mapping land-cover within a mountaintop coal surface mine 
complex in the southern coalfields of West Virginia, USA. 
Support vector machines (SVM), random forests (RF), and 
boosted classification and regression trees (CART) algorithms 
were used. Incorporation of the lidar-derived data increased 
map accuracy in comparison to using only the five imagery 
bands, and SVM generally produced a more accurate classi-
fication than the ensemble tree algorithms based on overall 
map accuracy, Kappa statistics, allocation disagreement, 
quantity disagreement, and McNemar’s test of statistical 
significance. Based on measures of predictor variable impor-
tance within the ensemble tree classifiers, the normalized 
digital surface model (nDSM) was found to be more useful 
than first return intensity data for differentiating the classes.

Introduction
Commercial satellite imagery such as Ikonos, GeoEye, and 
RapidEye provide high spatial resolution but low spectral 
resolution compared to sensors such as Landsat Thematic 
Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), or 
Moderate Resolution Imaging Spectrometer (MODIS) (Warner 
et al., 2009). Although high spatial resolution can yield fine 
detail for land-cover and vegetative mapping, classification is 
complicated by the increased spatial resolution and decreased 
spectral resolution. Fine spatial resolution tends to generate 
high internal variability within land-cover classes, which 
can lead to decreases in classification accuracy (Townshend, 
1981; Cushnie, 1987; Townshend, 1992; Baker et al., 2013). 
This research investigated a potential means to enhance clas-
sification accuracy by combining high-resolution commercial 
satellite imagery with light detection and ranging (lidar) data. 

The analysis focused on mapping land-cover classes in 
a mountaintop coal surface mine complex in the southern 
coalfields of the eastern United States. Because surface mine 
complexes experience rapid change due to human distur-
bance and reclamation, they are particularly good examples 
of disturbed landscapes. Although this research focuses on 

mapping land-cover within a mountaintop coal mine, the 
challenges in mapping mining landscapes are typical of other 
disturbances, such as timber harvesting, urban sprawl, etc.

This work adds to prior remote sensing of surface mines 
research by investigating information gained by combining 
lidar and commercial satellite data for mapping land-cover 
(Cowen et al., 2000). This research had two components. 
First, we assessed lidar-derived inputs as predictor variables 
when combined with commercial satellite imagery to enhance 
land-cover mapping. Second, we compared three machine 
learning algorithms for the classification: support vector ma-
chines (SVM), random forests (RF), and boosted classification 
and regression trees (CART). The image data consisted of com-
mercial RapidEye imagery. Lidar-derived predictor variables 
included the normalized digital surface model (nDSM) gener-
ated by subtracting ground return data from the first return 
data, first return intensity data, and the first return intensity 
range within raster grid cells.

Background
Machine Learning Classification
Research has highlighted the improvement in classification 
accuracy when lidar is combined with optical data, suggest-
ing that lidar can provide important predictor variables for 
mapping land-cover (Cowen et al., 2000; Brennan and Web-
ster, 2006; Bork and Su, 2007; Chust et al., 2008; Chen et al., 
2009; Guo et al. 2011). The combination of imagery and lidar 
data has been investigated in heterogeneous rangeland envi-
ronments (Chen et al., 2009), urban landscapes (Brennan and 
Webster, 2006; Guo et al., 2011), and coastal estuary environ-
ments (Brennan and Webster, 2006; Chust et al., 2008). Guo et 
al. (2011) specifically noted the usefulness of nDSM data for 
mapping urban landscapes.

Combining disparate data such as imagery and lidar poses 
distinct challenges because the combined data set may not 
meet distribution assumptions required for traditional para-
metric classifiers. Machine learning algorithms have emerged 
as an alternative to parametric classifiers and have been 
shown to be more accurate and efficient when faced with high 
dimensional and complex data (Hansen et al., 1996; Huang 
et al., 2002; Rogan et al., 2003; Pal, 2005; Na et al., 2010; 
Ghimire et al., 2012). Machine learning algorithms, such as 
artificial neural networks (Del Frate et al., 2003), SVM (Pal 
and Mather, 2005; Pal, 2005), and decision trees (Waske and 
Braun, 2009), do not make assumptions regarding the data 
distribution (Loosvelt et al., 2012). In summary, in remote 

Aaron E. Maxwell is with Alderson Broaddus University, 101 
College Hill Drive, Philippi, WV 26416, (maxwellae@ab.edu).

Timothy A. Warner is with West Virginia University, Depart-
ment of Geology and Geography, West Virginia University, 
Morgantown, WV 26506-6300.

Michael P. Strager is with West Virginia University, Division 
of Resource Management, 2004 Agricultural Science Building, 
West Virginia University, Morgantown, WV 26506-6108.

Mahesh Pal is with the Department of Civil Engineering, Na-
tional Institute of Technology, Kurukshetra, 136119, Haryana, 
India.

Photogrammetric Engineering & Remote Sensing
Vol. 80, No. 2, February 2014, pp. 179–189.

0099-1112/14/8002–179
© 2013 American Society for Photogrammetry

and Remote Sensing
doi: 10.14358/PERS.80.2.179



180 Februar y  2014  PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING

sensing, machine learning algorithms are of interest because 
they offer the potential to handle complex spectral measure-
ment space, multidimensional data, and large volumes of data 
with reduced processing time compared to traditional classifi-
ers (Hansen and Reed, 2000).

For this study, SVM, RF, and boosted CART algorithms were 
assessed. SVM and RF have been shown to have comparable 
accuracies; however, optimizing the RF algorithm is simpler 
(Pal, 2005). RF and boosted CART have also been shown to pro-
vide similar accuracies, though RF provides shorter classifica-
tion time (Gislason et al., 2006). However, boosted CART has 
been shown to be more suited for large-area mapping because 
it is marginally less sensitive to training data size and less 
sensitive to training data noise (Ghimire et al., 2012). 

SVMs make use of statistical learning theory and optimiza-
tion algorithms to locate decision boundaries between classes 
using structural risk minimization to find a multi-dimensional 
plane (hyperplane) that separates two classes with the maxi-
mum margin (Vapnik, 1995; Joachims, 1998; Burges, 1998; Pal 
and Mather, 2005; Pal, 2005; Warner and Nerry, 2009). The 
points that lie on the hyperplanes define the margin and are 
therefore termed “support vectors.” Because SVM algorithms 
are designed for two class problems only, strategies have been 
developed incorporating multiple SVM algorithms to produce a 
multi-class classification (Vapnik, 1995; Pal and Mather, 2005; 
Pal, 2005). SVM within the e1071 package, 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 to improve upon the accuracy and consistency of single 
tree classifications. As a result, RF is an ensemble, non-para-
metric learning algorithm. A random bootstrap sample of the 
data with replacement (called “bagging” (Breiman, 1996)) is 
drawn for each tree generated instead of using the entire train-
ing dataset. In addition, an out-of-bag (OOB) random sample is 
withheld that can be used for accuracy assessment. To grow 
a tree, RF uses a random subset of the predictor variables (the 
number of which is defined by user) while growing each tree 
of the ensemble. This results in a decrease in the strength of a 
single tree, however, the correlation between trees is reduced. 
As a result, the randomized predictor variable selection 
reduces the generalization error. The Gini index, 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 random-
ly selected predictor variables available at each node. RF has 
been used for classification in remote sensing (Ghimire et al., 
2010; Burkholder et al., 2011; Rodríguez-Galiano et al., 2011; 
Ghimire et al., 2012), and it has many attributes that make it 
effective for image classification. It can generally model com-
plex interactions between predictor variables, perform super-
vised and unsupervised classification tasks, handle data with 
missing values, and provides high classification accuracies. It 
also provides measures of predictor variable importance, as 
will be described below (Steele, 2000; Cutler et al., 2007).

Although boosted CART, like RF, also implements an en-
semble classification of decision trees, the algorithm is funda-
mentally different in that it uses the entire training dataset for 
classification of each tree as opposed to a subset for each tree 
as used with RF (Freund and Schapire, 1996; Ghimire et al., 
2012). Misclassified samples in prior trees are given higher 
weights in subsequent trees which tends to reduce misclassi-
fication in subsequent trees. However, it has been shown that 
this weighting procedure may overfit the training data (Bauer 
and Kohavi, 1999). Many studies have shown boosted CART 
to produce more accurate classifications than individual trees 
(DeFries and Chan, 2000; Muchoney et al., 2000; Friedl et al., 
1999; Friedl et al., 2002; McIver and Friedl, 2002; Lawrence et 
al., 2004; Ghimire et al., 2012). Friedl et al. (1999) found that 

boosting can reduce misclassification rates by 20 percent to 
50 percent in comparison to single classification trees, while 
Lawrence et al. (2004) found an improvement of 9 percent. 

Lidar is an active remote sensing technology that relies 
on the timing of the two-way travel of laser pulses, differen-
tial global positioning system (GPS), and inertial navigation 
measurements to map the height of the terrain and objects on 
the ground surface. When lidar systems are mounted in aerial 
platforms, large areas can be surveyed in a relatively short 
period of time (Lillesand et al., 2008). In addition to eleva-
tions, most systems record the return pulse intensity, which is 
in part a function of the reflectance of the surfaces returning 
the laser pulse (Brantberg, 2007). However, return intensity 
is also influenced by other factors, including footprint size, 
scan angle, return number, and range distance (Lin and Mills, 
2010). Although some studies have demonstrated the benefit 
of using intensity for land-cover classification (Brennan and 
Webster, 2006), the use of lidar return intensity has not been 
as widely explored as elevation data in land-cover mapping 
due to the difficulty of radiometric calibration of the returned 
laser intensity (Flood, 2001; Kaasalainene et al., 2005). In this 
research, both lidar elevation and intensity data were used.

Description of Study Area
The study area in the southern coalfields of the eastern 
United States, which are found predominantly within the 
Appalachian Plateau physiogeographic province, a dissected, 
westward-tilted plateau dominated by Pennsylvanian strata. 
Pennsylvanian stratigraphy is characterized by cyclic se-
quences of sandstone, shale, clay, coal, and limestone (Ehlke 
et al., 1982; WVGES, 2005). The terrain is dissected by a den-
dritic stream network and show moderate to strong relief with 
steep slopes. The forests are characterized by mixed meso-
phytic communities, deciduous species, and high biodiversity 
(Strausbaugh and Core, 1977).

In the southern coalfields, mountaintop coal mining is the 
leading cause of land-use/land-cover (LULC) change (Hooke, 
1999; Saylor, 2008; Townsend et al., 2009; Drummond and 
Loveland, 2010). This mining process causes more material to 
be moved and faster landscape alterations than more tradi-
tional surface coal mining techniques such as auger, contour, 
and highwall mining (Fritz et al., 2010).The mountaintop 
mining process results in the clearing of forests, the removal 
of top soil, and re-contouring of the landscape (Palmer et al., 
2010; Bernhardt and Palmer, 2011). It has been estimated that 
surface mining in the Appalachian region has resulted in a 
net loss of 420,000 ha of forest between 1973 and 2000, result-
ing in the fragmentation of core forest interiors (Wickham et 
al., 2007; Drummond and Loveland, 2010). Generally, mines 
in this region are reclaimed to grasslands or shrublands (Sim-
mons et al., 2008; Kazar and Warner., 2013), although more 
recently there has been interest in reclamation using native 
forest species (Zipper et al., 2011). Hooke (1994 and 1999) es-
timated that surface mining is responsible for displacing more 
material in the southern coalfields of West Virginia than river 
systems and natural geomorphic processes. 

Over the last few decades, surface mining and reclamation 
have been mapped from Landsat MSS, TM, ETM+, and SPOT 
data with varying degrees of success (Anderson and Schubert, 
1976; Irons and Kennard, 1986; Parks et al., 1987; Rathore and 
Wright, 1993; Anderson et al., 1997; Prakash and Gupta, 1998; 
Yuill, 2003; Townsend et al., 2009; Sen et al., 2012). Rathore 
and Wright (1993) found that active mines could generally be 
mapped with high accuracy; mine reclamation, however, has 
proven more difficult to map.  Mine reclamation is of specific 
interest as the imprint of mining generally persists as a legacy 
landscape alteration (Negley, 2002). Multi-temporal imagery 
provides a promising approach for mapping surface mines. 
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For example, Townsend et al. (2009) made use of a Landsat 
image time series to differentiate active mine disturbance and 
mine reclamation from similar non-mining cover, such as 
development and grasslands, achieving accuracies above 85 
percent. Sen et al. (2012) made use of a chronosequence of 23 
Landsat TM and ETM+ images to separate mining disturbance 
from other forest-replacing disturbance using disturbance/
recovery trajectories.

Study Area
The study area is the Hobet-21 mountaintop mine in Boone 
and Lincoln counties, West Virginia, shown in Plate 1. This is 
the largest mine complex in the Appalachian region (Keene 
and Skousen, 2010). This mine was selected because of the 
wide variety in age of disturbance, vegetation, and land-cover. 
Historical imagery shows that some of the mine disturbance 
predates 1987, while portions of the mine were still active 
at the time of the writing. The mine complex boundary was 
derived from Surface Mine Control and Reclamation Act 
(SMCRA) surface mine permit boundaries provided by the West 
Virginia Department of Environmental Protection (WVDEP) and 
additional ancillary data. The boundary of the Hobet-21 mine 
encompasses an area of 5,500 ha of disturbance, reclaimed, 
and forested (i.e., not disturbed) land.

Methods
Data
The primary optical dataset was a RapidEye multispectral 
satellite image collected on 01 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°. The RapidEye system consists of a con-
stellation of five satellites that were launched in August 2008. 
The satellites have sensors with five spectral bands: blue (440 
to 510 nm), green (520 to 590 nm), red (630 to 730 nm), red 
edge (690 to 730 nm), and near infrared (NIR) (760 to 850 nm) 
(Tyc et al., 2005). The ground sampling distance of the system 
is 6.5 m. For this project, the 3A product was obtained, which 
has radiometric, sensor, geometric corrections, and orthorec-
tification applied, including a resampling of the pixels to 5 m. 
The Hobet-21 mine complex is covered by a single image tile.

Lidar data were collected for the study area on 12 April 
2010, using an aircraft flying height at 1,524 m above ground 
level (AGL) at a speed of 125 knots. The Optech ALTM 3100 C 
sensor was set to a pulse frequency of 70 kHz, a scan frequen-
cy of 35 Hz, and a scan angle of 36° (full) to generate points 
with a nominal pulse spacing of 1 m. A 30 percent overlap 
was acquired between swaths. The lidar system recorded up 
to four returns per laser pulse. The point data were classi-
fied by the vendor as ground, non-ground, or outliers, and 

Plate 1. Hobet-21 surface mine complex. Base image is the RapidEye scene acquired on 01 April 2010 and displayed in simulated 
natural color (Bands 3, 2, 1 as RGB). The depicted mine extent is based on the surface mining permit obtained from wvdep. The map 
is projected in nad83, utm Zone 17N. © (2013) BlackBridge S.àr.l. All rights reserved.
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delivered in LAS 1.2 format. The point classifications were 
utilized as they were provided, and no additional point clas-
sification or editing was performed.

The imagery and lidar datasets were acquired within two 
weeks of each other. Visual comparison of the RapidEye data 
and lidar-derivatives throughout the mine complex showed little 
evidence of landscape alterations within this two week period. 

Preprocessing
Trial-and-error experimentation of raster interpolation meth-
ods and settings was performed, and an optimal approach 
was chosen based on a subjective evaluation of the products 
generated. The point data were first converted to raster data 
using the LAS Dataset to Raster utility in ArcMap® (Esri, 
2012). A digital elevation model (DEM) was produced from 
the ground return point data on a 5 m grid matching that of 
the RapidEye imagery. A digital surface model (DSM) was 
then produced using the first returns. The raster grids were 
produced using the average value within each 5 m pixel and 
a linear interpolation to fill data gaps with no returns within 
a grid cell. The DEM was subtracted from the DSM to produce 
an nDSM, a measure of height of objects on the ground, such as 
vegetation or buildings.

A raster of first return intensity was produced using the 
ArcMap LAS Dataset to Raster utility. The point values were 
gridded using the average value within each 5 m grid cell. 
Data gaps were labeled with a value of zero, because lack of 
returns could be a result of complete absorption of the laser 
pulse, for example by water. The range of intensity values 
within each 5 m pixel was also calculated, with data gaps also 
labeled as zero. Only first returns were used for the intensity 
products as intensity values of subsequent returns should not 
be mixed with first returns (Brantberg, 2007).

All data layers were converted to a data range appropriate 
for a 16-bit radiometric resolution. An image stack was pro-
duced using ERDAS Imagine® 9.3 (ERDAS, 2002) comprising 
eight layers: the five RapidEye bands and the three lidar layers, 
the nDSM, first return intensity, and first return intensity range. 
This layer stack was used as the predictor variables used to 
map land-cover. Co-registration can be a problem when data 
sets acquired with different sensors and at different times are 
integrated in a single analysis. For this study, the lidar data 
have a nominal horizontal error of 0.3 m and vertical error of 
0.12 m (Optech, 2008; RAMPP, 2011). 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 RapidEye data over the study site were 
acquired at a view angle of –2.82° (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 datasets did not show noticeable 

differences, suggesting that the registration was adequate for 
the analysis and not likely to affect the classification.

Land Cover Classes of Interest
Five land-cover categories were mapped: forested (not dis-
turbed), reclaimed-herbaceous vegetation, reclaimed-woody 
vegetation, barren, and water (Table 1). These classes were cho-
sen based on prior experience of typical land-cover conditions 
within surface mines and reclaimed surface mines in the region.

table 1. 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 struc-
tures; haul roads; active quarries; lands disturbed 
by mining 

Water
Water, including retention ponds, streams, and 
standing water

Training Data 
Training areas were delineated by manual interpretation of 1 
m high resolution orthophotography and checked against the 
RapidEye imagery, lidar nDSM, and lidar bare earth contour 
data, which were useful for differentiating the vegetation 
classes and reclaimed surfaces. The orthophotography was 
collected as natural color images by Pictometry International 
Corporation (Rochester, New York) in March 2010 for the 
State of West Virginia, approximately one month before the 
lidar and RapidEye data acquisition. The number of training 
polygons collected is summarized in Table 2.

Using Geospatial Modeling Environment (GME) (Beyer, 
2012), 1,000 point examples of each class were randomly 
selected from the digitized polygons as training pixels. Due to 
the small proportion of water within the mine complex, it was 
not possible to collect 1,000 examples for that class. In total, 
4,517 pixels were utilized to train the models as summarized 
in Table 2.

Classification Methods
Per-pixel classifications were performed using the three 
machine learning algorithms within the statistical software 
tool R (R Core Team, 2012). SVM classification was performed 

table 2. number of training polygons, area (ha) of training polygons, and number of randomly seleCted training pixels  
for eaCh land Cover Class based on manual photographiC interpretation of high resolution aerial orthophotography

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

121 37.9 1000

Reclaimed-woody
vegetation

59 9.0 1000

Barren 106 44.7 1000

Water 22 1.3 517
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using the e1071 package (Meyer et al., 2012), RF using the 
randomForest package (Liaw and Wiener, 2002), and boosted 
CART using the adabag package (Alfaro-Cortes et al., 2012).

In order to optimize the parameters required for the SVM 
and RF algorithms in this study, a grid search of the specified 
parameters was undertaken in R. Optimal parameters were 
estimated based on the minimum classification error obtained 
for the training data using a ten-fold cross validation, in which 
the data were partitioned into ten unique training sets, using a 
random assignment. The classifier was then trained ten times, 
and each time the remaining data, not used for training in that 
instance, were used for validation. Overall accuracy was calcu-
lated as the average across the ten classifications. Optimization 
was performed for each of the three combinations of predic-
tor variables (bands) used to produce a classification. This 
ensured that each classification used optimal parameters for 
the particular set of predictor variables tested. For SVM a radial 
basis function (RBF) kernel was used and the cost (C ) and gam-
ma (c) parameters were optimized. Once a coarse grid search 
on a wide range of parameter values was performed, a second 
grid search of values centered on the optimal settings predict-
ed was performed in order to further refine the estimate. For RF 
the number of predictor variables randomly sampled as candi-
dates at each node (m) and also the number of trees to grow (k) 
were selected using a grid search procedure. 

Classifications were performed for three combinations of 
the predictor variables for each machine learning algorithm 
in order to assess their performance in terms of classification 
accuracy. The combinations included the following: 

 1. Image Bands (5) = 5 Predictors Variables
 2. Lidar-Derived Data (3) = 3 Predictor Variables
 3. Image Bands (5) + Lidar-Derived Data (3) = 8 Predictor 

Variables

Error Assessment
Classification accuracy was assessed through an independent 
dataset, separate from the training data. A total of 1,325 pixels 
were randomly collected, 265 in each of the five land-cover 
classes. No pixels from within the training areas were used. 
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. 

At each of the 1,325, 5 m × 5 m validation pixels, the dom-
inant land-cover category was visually interpreted from the 
Pictometry, RapidEye, and lidar data. Each pixel was assessed 
twice to ensure consistency in the interpretation. 

From the randomly selected accuracy assessment data, 
error matrices and Kappa statistics were produced. As this 
was a stratified sample, overall accuracy was calculated 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 allo-
cation disagreement were also calculated. These two mea-
sures segment disagreement between maps into difference in 
proportion of the classes and spatial allocation of the classes. 
Although the value of Kappa is questioned by 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). From the accuracy assessment data, which were 
used to assess all models, and classification results, 2-by-2 
confusion matrices were produced that summarized which 
pixels were correctly classified by both classifiers, which 
were incorrectly classified by both, and which were classified 
correctly by one classifier and not the other. McNemar’s test 

is a non-parametric test of statistical difference that allows for 
the calculation of a z-score from this 2-by-2 matrix. A z-score 
larger than 1.645 indicates a 95 percent confidence interval of 
statistical significance for the one-directional test of whether 
one classification is better than the other (Bradley, 1968; Diet-
terich, 1998; Foody, 2004; Agresti, 2007). 

The RF algorithm generates an estimate of predictor vari-
able importance during training by excluding each variable 
sequentially and recording the resulting increased OOB error 
(Breiman, 2001; Rodríguez-Galiano, 2012). This approach was 
used to determine which predictor variables were most im-
portant in the model given all input predictor variables, both 
the multispectral bands and the lidar-derivatives.

Results and Discussion
The optimized algorithm parameter settings for the classifiers 
for each input variable combination are listed in Table 3. For 
SVM, the optimal setting for gamma (c) and cost (C ) were dif-
ferent for all band combinations. For RF, the optimal number 
of input variables sampled at each node (m) varied between 
two and three input variables. A total of 500 trees (k) was 
used for all band combinations for both RF and boosted CART 
because this was found to be sufficient to stabilize the classifi-
cation regardless of band combinations used. Breiman (2001) 
notes that as the number of trees grown increases, generaliza-
tion error converges and overfitting should not be a problem 
due to the “strong law of large numbers.” Parameter optimi-
zation was the most time consuming process in producing the 
classification models. SVM took the longest time to optimize 
and was the most complex to optimize because a wide range 
of values for c and C had to be tested (Pal, 2005).

table 3. optimized parameter settings for svm, rf, and boosted Cart

Parameters Selected

Band Combinations
SVM
(c, C)

RF
(m, k)

Boosted CART 
(k)

Imagery 1.5, 4 3, 500 500

Imagery + Lidar 0.14, 35 2, 500 500

LiDAR 1.2, 105 2, 500 500

The SVM algorithm using the combination of the multi-
spectral and lidar-derived predictor variables resulted in the 
classification with the highest overall accuracy, 86.4 percent 
(Table 4). The resulting map is shown in Plate 2 with area and 
percentage of cover types within the mine permit summa-
rized in Table 5. The map shows that reclaimed-herbaceous 
vegetation is the most common cover type within the mine 
permit followed by barren areas. A smaller percentage of the 
reclaimed area was classified as reclaimed-woody vegetation, 
mostly in the eastern portion of the mine, where reclamation 
is older and more established. 

The highest classification accuracies were achieved by 
the combination of the multispectral and lidar-derived data, 
then the image data alone, and finally the lidar-derivatives, 
regardless of the algorithm used, as shown by Table 4. The 
McNemar’s tests, summarized in Table 6a, 6b, and 6c, indicate 
the differences between the classification accuracies using the 
different combinations of predictor variables were generally 
statistically significant. The only exceptions are the RF and 
boosted CART algorithms (Table 6b and 6c) for which the clas-
sification of the multispectral imagery was not statistically 
more accurate than classification using the lidar-derivatives. 

Table 4 indicates that the SVM algorithm outperformed 
the ensemble methods regardless of the predictor variable 
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table 4. performanCe of the different Classifiers and variable  
Combinattions; overall aCCuraCy (oa), Kappa (K), alloCation disagreement 

(ad), and Quantity disagreement (Qd), respeCtively

Band Combinations
(Number of Bands)

Measures SVM RF
Boosted 
CART

Imagery (5)

OA (%)
K (%)

AD (%)
QD (%)

80.6
73.4
11.4
8.0

77.4
69.2
13.0
9.6

77.6
79.6
12.8
9.6

Imagery + Lidar (8)

OA (%)
K (%)

AD (%)
QD (%)

86.4
81.2 
7.6
6.0

84.1
78.1 
8.8
7.1

83.5
77.2
9.2
7.3

Lidar (3)

OA (%)
K (%)

AD (%)
QD (%)

76.1
67.3
18.2
5.7

75.9
67.0
18.0
6.1

75.6
66.8
17.7
6.7

OA = Overall Accuracy     K = Kappa Statistic
AD = Allocation Disagreement     QD = Quantity Disagreement

table 5. area (ha) and perCentage of land Cover Classes for the surfaCe 
mine Complex shown in plate 2

Land Cover Class Area (ha)
Percentage of  

Permitted Areas

Forested (not disturbed) 1,132 20.5%

Reclaimed-herbaceous  
vegetation

2,315 41.7%

Reclaimed-woody vegetation 854 15.4%

Barren 1,201 21.6%

Water 48 0.9%

table 6. mCnemar’s test to assess statistiCal differenCes between Classi-
fiCations produCed given different input prediCtor variables and Classifi-

Cation algorithms; a z-sCore larger than 1.645 (*) indiCates a 95 perCent 
ConfidenCe interval of statistiCal signifiCanCe for the one-direCtional test 

of whether one ClassifiCation is better than the other

a) Comparison of Input Variables Classified Using SVM

 Lidar Imagery + Lidar

Imagery 2.105* 4.969*

Lidar  6.074*

b) Comparison of Input Variables Classified Using RF

 Lidar Imagery + Lidar

Imagery 0.810 5.802*

Lidar  5.800*

c) Comparison of Input Variables Classified Using Boosted CART

 Lidar Imagery + Lidar

Imagery 1.535 3.467*

Lidar  4.811*

d) Comparison of Classification Method Using Image Data

 RF Boosted CART

SVM 4.303* 2.466*

RF  1.539

e) Comparison of Classification Method Using Lidar Data

 RF Boosted CART

SVM 1.627 1.360

RF  0.098

f) Comparison of Classification Method Using Image and Lidar Data

 RF Boosted CART

SVM 2.621* 3.464*

RF  1.287

Plate 2. Land-cover classification of the Hobet-21 mine complex using all RapidEye imagery bands and lidar-derivatives. svm was used 
with a radial basis function (rbf) kernel, a gamma value (c) of 0.14, and a cost value (C) of 35. 



PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING Februar y  2014  185

combinations used: for all data combinations, the SVM algo-
rithm provided the highest map accuracy. Table 6d and 6f 
show that difference was statistically significant between RF 
and also boosted CART for the classification of the imagery and 
the combined imagery and lidar; however, none of the algo-
rithms were shown to be statistically different for the classifi-
cation of the lidar-derivatives (Table 6e).

Allocation disagreement is generally larger than quantity 
disagreement, and also varies over a wide range of values (Ta-
ble 4). The SVM classification using the imagery and lidar-de-
rived predictor variables has the lowest allocation disagree-
ment, and the second to lowest quantity disagreement. These 
measures also suggest that there is merit in combining the 
data sources and using the SVM algorithm.

In summary, for the comparison of different predictor vari-
ables (Table 6a, 6b, and 6c), only two combinations were report-
ed as not statistically different out of the possible nine combina-
tions; for the comparison of classification algorithms (Table 6d, 
6e, and 6f)), five of the possible nine combinations were shown 
not to be statistically different, and the z-scores were often 
lower than those for the input band combinations. The largest 
z-score, or most significant difference, is for the comparison of 
the lidar data and the combination of imagery and lidar, classi-
fied using the SVM algorithm. The variables used generally had 
a larger impact on final map accuracy than the algorithm. Even 
though the SVM algorithm generated the most accurate output, 
it was the most difficult to optimize because a wide range of 
values for c and C must be tested for optimization, as already 
noted above. Fewer unique values for m and k must be tested 
for RF, and only k must be specified for boosted CART. Even 
though the classifications using the different methods showed 
statistical differences, the question arises as to whether a 1 to 3 
percent increase in map accuracy merits the increased complex-
ity required for optimizing SVM. Perhaps a simpler method, that 
has a 1 to 2 percent lower accuracy, may be a better choice for 
routine mapping, for the sake of simplicity.

On the other hand, SVMs have been shown to be relative-
ly robust with respect to parameter settings 
(Melgani and Bruzzone, 2004), and as parame-
ter optimization was the most time consuming 
step in the SVM analysis, the question arises as 
to whether this step is necessary. To address 
this question, a classification using the default 
R parameter settings (kernel = RBF, C = 1, c = 
1/8) (Meyer et al., 2012) using the combined 
imagery and lidar data was generated. The 
resulting overall accuracy was 86.3 percent, 
compared to 86.4 percent for the classifica-
tion produced using the optimal parameters, 
a decrease of only 0.1 percent. There was 
no statistical difference between the default 
and optimal classifications using McNemar’s 
test (z-score = 0.254). If, as this result would 
suggest, optimization does not have to be 
performed to obtain an accurate classification, 
this further strengthens the argument for the 
use of the SVM algorithm.

As the SVM algorithm provided the most 
accurate classifications, those results will be 
used to compare error matrices for the three 
combinations of variables. Tables 7, 8, and 9 
show the error matrices for the image bands 
only, lidar-derivatives only, and the imagery 
bands and the lidar-derivatives, respectively. 
In comparison with image variables alone, 
the combined lidar and image variables show 
an increase in the number of pixels correctly 
classified for all land-cover classes, other than 

water. This suggests that the addition of the lidar-derived data 
provided enhanced separation of multiple classes rather than 
improving only one class. Generally, the lidar-derived pre-
dictor variables alone provided the lowest accuracy per class. 
These tables show the benefit for all classes of combining the 
lidar and multispectral image data sources, and they also sug-
gest that lidar-derivatives are not a substitute for image data 
for land-cover classification as they do not provide compara-
ble accuracies. Instead, lidar-data should be used to enhance 
classification using multispectral data.

The error matrices (Tables 7, 8, and 9), generally speaking, 
suggest that reclaimed-herbaceous cover was commonly con-
fused with the reclaimed-woody vegetation, forested, and bar-
ren classes. The confusion with barren cover may be attribut-
ed to the patchy, heterogeneous nature of some reclaimed 
areas, which likely resulted in a mixed pixel problem. Such 
areas may be in the early stage of reclamation, in which veg-
etation is just beginning to regrow on the barren landscape. 
This issue highlights the complexity of land-cover mapping of 
surface mine complexes in which a wide range of vegetation, 
disturbance, and historical reclamation practices exist on a 
steep and heterogeneous landscape. Producer’s accuracy for 
water was also generally low, likely a result of the variability 
in water reflectance on mine sites. Small settlement ponds, 
water retention ponds, and treatment ponds may have a wide 
variety of chemical precipitates, dissolved chemicals, sedi-
ment levels, and other factors, which can make them spectral-
ly varied and difficult to classify accurately.

Figure 1 shows predictor variable importance as estimat-
ed by the OOB mean decrease in accuracy for a classification 
using the combination of lidar and multispectral data. The 
most important variable in the model was RapidEye Band 5 
(NIR) followed by the nDSM. The fact that the nDSM was found 
to be more important in the model for predicting cover than 
four of the five spectral bands emphasizes the value of the 
height information. The lidar intensity data were found to be 
less important than the nDSM and all the image bands, with 

Figure 1. Relative importance of predictor variables as estimated by the out-
of-bag (oob) mean decrease in accuracy by rf. This analysis suggests that the 
most important predictor variables in the classification were RapidEye Band 5 
(nir), followed by the lidar-derived ndsm.
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table 7. error matrix for svm with imagery bands only; overall aCCuraCy is 80.6 perCent

Reference Data (Pixels)

Forested  
(not disturbed)

Reclaimed 
herbaceous 
vegetation

Reclaimed 
woody 

vegetation
Barren Water Totals

User's  
Accuracy

Classified 
Data

(Pixels)

Forested  
(not disturbed)

238 35 42 2 21 338 70.4%

Reclaimed- 
herbaceous  
vegetation

14 193 20 6 0 233 82.8%

Reclaimed  
woody vegetation

13 20 203 0 0 236 86.0%

Barren 0 16 0 247 40 303 81.5%

Water 0 1 0 10 204 215 94.9%

Totals 265 265 265 265 265

Producer's  
Accuracy

89.8% 72.8% 76.6% 93.2% 77.0%

table 8. error matrix for svm with lidar-derivatives only; overall aCCuraCy is 76.1 perCent

Reference Data (Pixels)

Forested (not 
disturbed)

Reclaimed 
herbaceous 
vegetation

Reclaimed 
woody  

vegetation
Barren Water Totals

User's  
Accuracy

Classified 
Data

(Pixels)

Forested  
(not disturbed)

217 10 39 2 6 274 79.2%

Reclaimed-  
herbaceous  
vegetation

8 192 19 34 1 254 75.6%

Reclaimed  
woody vegetation

38 21 204 1 3 267 76.4%

Barren 2 41 3 210 31 287 73.2%

Water 0 1 0 18 224 243 92.2%

Totals 265 265 265 265 265

Producer's  
Accuracy

81.9% 72.5% 77.0% 79.2% 84.5%

table 9. error matrix for svm with imagery bands and lidar-derivatives; overall aCCuraCy is 86.4 perCent

Reference Data (Pixels)

Forested (not 
disturbed)

Reclaimed 
herbaceous 
vegetation

Reclaimed 
woody  

vegetation
Barren Water Totals

User's  
Accuracy

Classified 
Data

(Pixels)

Forested  
(not disturbed)

253 11 24 1 7 296 85.5%

Reclaimed- 
herbaceous  
vegetation

5 210 11 5 0 231 90.9%

Reclaimed  
woody vegetation

6 23 230 0 0 259 88.8%

Barren 1 21 0 248 55 325 76.3%

Water 0 0 0 11 203 214 94.9%

Totals 265 265 265 265 265

Producer's  
Accuracy

95.5% 79.2% 86.8% 93.6% 76.6%

the exception of Band 4 (Red Edge). The first return intensity 
range showed the lowest importance. Similar results were 
found by Chust et al. (2008). Although they found improve-
ments in coastal habitat mapping by combining lidar-derived 
data and multispectral imagery, the classification accuracy 
was most increased by the incorporation of a lidar-based 
digital surface model (DSM) as opposed to other lidar-deriva-
tives including intensity, slope, and aspect. Guo et al. (2011) 

also found height differences, or nDSM, to be the most useful 
lidar-derived dataset, and they attributed this to the ability 
of the nDSM to help distinguish between above ground and 
ground features in an urban setting. 

For operational mine monitoring at the scale of individual 
mine permits, the approach suggested here may provide accu-
rate classification (on the order of 85 percent) of mine distur-
bance and reclamation. In this research, visually interpreted 
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high-resolution orthophotography was used to facilitate the 
collection of training data, but this may not be necessary as 
the RapidEye imagery and lidar data provide adequate resolu-
tion to interpret the land-cover class of the training polygons. 
The proposed mapping approach could be extended from the 
individual mine to a regional scale, although potential limita-
tions in doing so could include cloud cover, phenological and 
illumination changes between RapidEye tiles, and the need 
for lidar data over a large area, which would be expensive to 
collect, if it were not already available. In addition, for region-
al studies it may be harder to get lidar and RapidEye data that 
are at least approximately temporally coincident.

Conclusions
High spatial resolution can yield fine detail for land-cover 
mapping; however, reduced classification accuracy is expect-
ed due to internal variability within classes and decreased 
spectral resolution. This poses a problem when high-reso-
lution land cover data are required, for example mapping of 
mine permitted lands as investigated here. One means to com-
bat this problem is combining multiple data sources including 
imagery and lidar. Machine learning algorithms, which tend 
to be robust in dealing with complex predictor variables, are 
powerful tools for classifying such data. In a landscape where 
the land-cover changes rapidly, such as the southern coal-
fields of the eastern United States, planning and coordinating 
multiple data collections within a short time period may be of 
particular importance.

The combination of lidar-derived data, including a nDSM, 
first return intensity, and first return intensity range, together 
with commercial satellite imagery, aided in the classification 
of accurate land-cover within the surface mine permitted 
area. The input variable combinations used had a larger im-
pact on final classification accuracy than the algorithm used; 
however, SVM provided a more accurate classification than 
the ensemble tree algorithms. Finding the optimal parameters 
for the SVM classification was time consuming. However, the 
classification accuracy using the default parameters in R was 
not statistically different from the accuracy of the classifica-
tion using the optimal parameters. Thus, omitting the optimi-
zation step may not have a major effect on the classification. 
The highest classification accuracy was produced by a SVM 
algorithm using a combination of multispectral image bands 
and lidar-derivatives. The nDSM proved to be a particularly 
important predictor variable for the RF algorithm, and was 
found to be more useful than the intensity data.
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