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Influence of Data Source and Training Size on
Impervious Surface Areas Classification
Using VHR Satellite and Aerial Imagery

Through an Object-Based Approach

Ismael Fernandez, Fernando J. Aguilar, Manuel A. Aguilar, and M. Flor Alvarez

Abstract—Two very-high-resolution (VHR) satellite images from
the GeoEye-1 and WorldView-2 sensors have been used in order to
extract impervious surface areas (ISAs) over a Mediterranean
coastal area of Almeria (Spain) through an object-based image
analysis (OBIA). Different feature sets (basic multispectral infor-
mation, relative spectral indices, and texture indices based on local
variance) were used to feed a support vector machine (SVM)
classifier in order to determine the most suitable information for
ISAs classification. The classification results coming from both
satellite images were compared to each other and also against those
provided by a previous similar work carried out on an archival
orthoimage. An estimation of the most appropriate number of
training samples was performed for each data source by a sampling
size reduction procedure. The accuracy assessment of the classifi-
cation results showed that texture based on local variance was a
valuable feature to improve ISA classification accuracy. When
texture based on variance was included, the classification accuracy
results provided by the archival orthoimage experiment (overall
accuracy: 88.1% and KHAT: 0.760) were similar to those obtained
from the VHR-satellite images (overall accuracy: 90.4% and 89.7%,
KHAT: 0.806 and 0.792 for GeoEye-1 and WorldView-2, respec-
tively). Finally, the influence of the data source and training size on
ISA classification accuracy was also proved.

Index Terms—Archival orthoimage, GeoEye-1, impervious
surface area (ISA), object-based image analysis (OBIA), support
vector machine (SVM), texture feature, very-high-resolution (VHR)
satellite imagery, WorldView-2.

I. INTRODUCTION

MPERVIOUS surface areas (ISAs) are defined as anthro-
pogenic features through which water cannot infiltrate into
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the soil [1]. ISAs lead to impacts on the environment by means of
influencing hydrological and energy balances, affect the biolog-
ical composition and functioning of ecosystems, and change the
thermal properties of the soil [1], [2]. Therefore, the classification
and monitoring of ISAs provide essential information needed
in order to understand natural changes in ecosystems, especially
in urban areas [3], [4]. Additionally, since ISAs constitute a good
indicator of the degree of urbanization for a certain area, its
classification in coastal areas is crucial to evaluate the effect of
“coastal squeeze” (caused by artificially stabilized seafronts on
sedimentary coastlines that inhibit the natural behavior of the
coastal sedimentary processes) on coastal erosion processes.
Because of their importance, efficient approaches for ISAs
classification have been studied by the remote sensing scientific
community.

According to [1], key issues to consider when remote sensing
is used for ISAs classification are: spatial resolution, geometric
characteristics of urban features, spectral resolution, and tempo-
ral resolution. Regarding the spatial resolution, a wide range of
sensors have been tested, from medium or coarse spatial resolu-
tion satellite images, such as Landsat or MODIS [2], [5], [6], to
very-high-resolution (VHR) images from satellites such as
IKONOS [7] or Quickbird [8], and also including aerial orthoi-
mages [9]. Second, and regarding the geometry of urban features,
specific methods for road network extraction and building
detection have been implemented, mainly because of the avail-
ability of VHR-satellite imagery and LiDAR data [10]. Third,
ISAs have been extracted from a wide range of images with
different spectral resolutions, ranging from three-band visible
aerial orthoimages [9] to images from hyperspectral sensors [11].
Moreover, data from active sensors such as SAR image or
LiDAR data have been also utilized to identify ISAs [12],
[13]. It is worth noting that, from the knowledge of the authors,
the influence of using different data sources for automatic ISAs
classification for the same area has not been undertaken. Finally,
regarding the temporal resolution and according to [1], the
characteristics of the classes to be classified (vegetation, bare
soil, buildings, road, etc.) the most suitable time of image
acquisition can be determined.

The wide range of available data sources has led to different
approaches for ISAs classification. Focusing on ISAs classifica-
tion from VHR multispectral images, OBIA approaches have
been widely used in order to minimize the “salt and pepper
effect” by building meaningful segments or objects [14] and
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trying to improve the results of a more traditional per-pixel
classification [15]. The OBIA approaches take advantage of the
possibility of creating segments similar to real spatial objects
such as buildings [1] and make the most of using contextual
information and geometric attributes in the classification [14].
Regarding the classification stage, different algorithms have
been utilized for the identification of ISAs when working with
VHR images by means of OBIA approaches. Some examples are
MANOV A-based algorithms [8], fuzzy rules based on spectral,
spatial and texture attributes [7], minimum likelihood classifier
(MLC) [16], classification and regression trees (CART) [17],
[18], and data mining techniques [19]. In a previous research that
the authors of this work conducted, three nonparametric classi-
fiers were compared for ISAs classification on a VHR archival
aerial orthoimage following an OBIA approach: CART, nearest
neighbor (NN), and support vector machine (SVM), resulting
with NN and SVM as the most accurate methods and the most
similar to each other in terms of classification accuracy achieved
(KHAT values 0.742 and 0.773 for NN and SVM while CART
yielded 0.604) [9].

The aim of this work was to compare three VHR images, one
archival aerial orthoimage (ArO) and two satellite images, one
from GeoEye-1 and one from WorldView-2 (GEl and WV2,
respectively), for ISAs classification on a coastal area by means
of an OBIA approach. Those data sources had different spatial
resolutions (being the same for both satellites and finer for the
ArO) and consisted of different spectral resolutions as well.
Additionally, this work tried to identify the most suitable feature
set for each data source regarding ISAs classification. Finally, the
influence of the sampling size was also determined in order to
find out how the sampling size reduction procedure affected each
data source. This paper is organized as follows: first, the study
area and the datasets used are presented; second, the methodol-
ogy that was followed is explained; and third, the results are
presented and discussed accordingly. Finally, the main conclu-
sion is extracted and summarized.

II. STUDY AREA AND DATASETS

The study area consisted of a Mediterranean coastal area fringe
that was approximately 11 000 m long and 775 m wide, corre-
sponding to 841 ha and located in the province of Almeria
(southeastern Spain, Fig. 1). This area has experienced a signifi-
cant increase in ISA land cover since the 1970s, mainly because
of a persistent sealing derived from a growth in urbanization,
which is linked to a large development in the tourism industry of
that area (Fig. 2), and it was chosen in order to determine the
influence of the evolution of coastal hinterland ISAs land cover
on the shoreline erosion that has occurred in this coastal area
during the second half of the twentieth century.

For this work, GeoEye-1 and WorldView-2 images were used;
both of them were acquired during August 2011 with only a
9-day gap between the images. Therefore, no significant land-cover
changes were expected to occur between the images. Both of the
images that were used in this work had a similar off-nadir angle
(8.5° for GeoEye-1 and 10.0° for WorldView-2). Therefore, no
differences in the results were expected due to that reason.
Regarding spatial resolution, both satellite images provided a
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Fig. 2. Example of the urbanization process that occurred in the study area
between 1977 (top image) and 2011 (bottom image).

ground sample distance (GSD) of 0.5 m for the panchromatic
band (PAN) and 2.0 m for the multispectral bands (MS). The
main difference between both satellite images was the spectral
resolution since GE1 only consisted of four bands (three bands in
the visible spectrum plus one band in the near-infrared-NIR-)
while WV2 provides four additional bands: coastal blue (CB),
yellow (Y), red edge (RE), and a second NIR (NIR-2).

Two orthoimages were produced for each satellite image.
First, one PAN orthoimage was derived from each image using
the rational polynomial coefficients (RPCs), refined with seven
ground control points (GCPs) acquired by a differential GPS
(DGPS) field campaign (subdecimeter accuracy) by means of a
simple translation at the image space [20], and a 1-m grid-spaced
LiDAR-derived DEM (07 = £0.09 m estimated using 62
DGPS check points). The final RMSE,p for the orthoimages
that were produced, evaluated using 48 evenly distributed inde-
pendent check points (ICPs), was 0.41 m for GeoEye-1 and
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Fig. 3. Workflow.

0.46 m for WorldView-2. This difference assured that there were
no errors due to misallocation since it was smaller than the GSD.
Second, one pan-sharpened orthoimage containing all the spec-
tral information was derived from each satellite image (four or
eight bands for GE1 or WV2, respectively). The pan-sharpened
orthoimages had the same spatial resolution and accuracy as the
PAN ones. For further and more detailed information about the
orientation of the sensors, orthoimage generation, and quality
assessment, refer to the previous works [20], [21].

III. METHODS

The general workflow of this paper comprises the steps de-
picted in Fig. 3. First, an image segmentation procedure was
carried out for each image. Then, a pilot area (the same as used in
[9], located in the northern part of the images) was used in order to
determine the most suitable feature set for each data source. For
this purpose, a sampling design based on several subclasses for the
target classes pervious and impervious was implemented, the
feature sets to be tested were established, and an SVM classifier
was used to identify the ISAs using each feature set. For this work,
only the GE1 and WV2 feature set selections are presented since
the results of the ArO image were stated in [9]. Then, all the three
data sources were compared to each other regarding the feature set
used. Once the most suitable feature set was determined for each
image, the classification of the entire area was performed using the
feature set selected and the data sources were compared again.
Finally, a sampling size reduction was done for each image in
order to test the suitable sampling size for each image.

A. Segmentation Procedure

The widely used multiresolution segmentation algorithm im-
plemented in eCognition 8 [22] was utilized to create the objects
for the GE1 and WV2 images. This is a general segmentation
algorithm based on homogeneity definitions in combination with
local and global optimization techniques. A scale parameter is
used to control the average image object size. It uses different
homogeneity criteria for image objects based on spectral and/or
spatial information. In this sense, the input parameters of this
region-merging technique are scale, shape, and compactness and
represent the size and internal heterogeneity of the objects. A
detailed explanation about the multiresolution segmentation
algorithm (eCognition approach) can be found in [22].

For the current work, all the MS bands of the pan-sharpened
orthoimages were used and equally weighted for each satellite
image. This means that four and eight bands were used for GE1

and WV2, respectively. Although this implies that both segmen-
tations were different, the additional bands of the WV2 image
were kept because they were later computed for the feature sets
and, therefore, it was necessary to take into account those bands
for the homogeneity parameters in the segmentation stage. The
shape and compactness parameters were the same for the three
datasets; they were 0.3 and 0.7, respectively. However, since
GE1 and WV2 had the same spatial resolution, the scale param-
eter was chosen in order to yield similar segmentations from both
images. Here, two criteria were taken into account: first, the
object obtained should avoid under-segmentation errors (caused
when objects cover more than one class [23]) and second, the size
of the objects should be similar for both datasets since this
ensures similar over-segmentation errors (then the classification
etror becomes independent of the segmentation and dependent
on the classification strategy [23]). In summary, if the number of
objects obtained from both image segmentations is similar, the
size of objects could be considered similar too. Therefore,
following these criteria, 50 and 40 were used as scale parameters
by a “trial and error” procedure, by checking that the objects
generally did not cover more than one class and verifying that the
objects, which were created by the segmentation of the GE1 and
WV2 images, were similar in size (Fig. 4). 120410 and 116 788
objects were obtained for the GE1 and WV2 images, respectively
(Fig. 4).

B. Sampling Design and Classification Strategy

Since the aim of this paper was to compare three VHR images
regarding ISAs classification, it was necessary to identify two
target classes in the imagery: 1) pervious and 2) impervious
surfaces. However, they are not homogenecous classes and,
therefore, a set of homogeneous subclasses were identified
within each target class (8 and 10 subclasses for pervious and
impervious classes, respectively, Table I), similar to those used in
[9]. In order to follow the same strategy used in [9], the training
and validation samples acquired for that experiment by means of
a randomly stratified method were translated into the GE1 and
WV2 images, updating their category when necessary but main-
taining the same structure and spatial distribution. The classifi-
cation of the ArO image was presented in [9]. Thus, a total
amount of 583 training samples (320 pervious and 263 impervi-
ous) and 1783 validation samples (962 pervious and 821 imper-
vious) were finally used for the GE1 and WV2 classifications for
the entire area. Among these samples, 220 training samples and
728 validation samples were used for the pilot area with a
distribution that is shown in Table 1.
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F4:1 Fig. 4. Example of the segmentation that was performed for GeoEye-1 (left image) and WorldView-2 (right image).
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TABLE I
TARGET CLASSES AND CORRESPONDING SUBCLASSES
Training samples Validation samples Total Total
Subclass Target class training validation
GE1 Wv2 GE1 Wv2 samples samples

Sea 46 46 76 76
Individual trees 16 16 28 28
Bare soil 18 18 72 80
Scrubland . 20 20 112 103

Beach Pervious 20 20 cg 53 146 462
Cultivated agricultural field 7 2 28 15
MNoncultivated agricultural field 9 14 40 54
Forest 10 10 48 48
Red building 22 22 40 40
White building 7 31 31
Gray building 4 4 14 14
Road 13 13 51 51

Path Impervious 7 24 24 74 266
Harbor dam 2 22 22

Sports court 1 5 5
Swimming Pool 2 2 6 6

Greenhouse 11 11 49 49
Sidewalk 5 5 24 24

Total sample size 220 220 728 728 220 728

Number of training and validation samples used for the classification and accuracy assessment of the pilot area for GE1 and WV2
classification. Note that the total number of training and validation samples was the same for both images.

Regarding the classification strategy and according to what
was also found in [9], a direct classification of the target classes
was used for the GE1 and WV2 image classifications since it
resulted in a similar accuracy to that of the aggregation strategy,
consisting of a classification of every subclasses and a subse-
quent aggregation of the results into the target classes. For direct
classification of pervious and impervious classes, an SVM
classifier was utilized since it was found to be the most efficient
method in [9]. As a summary, the SVM was implemented by
means of the free-distribution library LIBSVM [24] and follow-
ing the methodology recommended by the authors, which con-
sists of four steps: 1) a simple scaling of the training data; 2) a
radial basis function (RBF) is used and the parameters C and -y are
estimated by cross validation; 3) those parameters are used to test
the dataset (by scaling the validation data in the same way that
the training data was scaled) and the error matrix is computed

(see [25] for more details); and 4) the computed SVM parameters
are used to classify the scene.

C. Features Tested in Order to Classify Both Satellite Images

The feature sets explored for both satellite images, GE1 and
WV2, were analogous to those used in [9] for the ArO image.
Thus, the information was directly extracted from the spectral
bands (basic spectral information); chromatic ratios (red, green,
and blue ratios), green—red ratio used in the ArO experiment, and
texture indices based on local variance were used in the GE1 and
WV2 experiments. However, since NIR bands were available for
both satellite images, NDIs were included for the GE1 and WV2
experiments. NDIs are one of the most common features used in
remote sensing classification [e.g., normalized difference vege-
tation index (NDVI)] and they are based on the differences
between one band from the visible spectrum and the NIR band
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TABLE II
FeaTure SETS USED FOR GE1 AND WV2 EXPERIMENTS

Feature set GeoEye-1 WorldView-2
name
RGB* R, G,B(3) R, G, B(3)
Basicl RGB set + PAN + Nir (5) RGB set + PAN + Nir (5)
Basic2 - Basicl set + CB + Y + RE + Nir2 (9)
Ratesl* Basicl set + Chromatic ratios (R, G, | Basic2 set + Chromatic ratios (R, G,
B) + G/R ratio (9) B) + G/R ratio (13)
Rates2 Ratesl set + NDBI + NDGI + NDVI Ratesl set + NDBI + NDGI + NDVI +
(12) NDYI + NDREI + NDCBI (19)
Texture3 Rates2 + T3 (13) Rates2 + T3 (20)
TextureS Rates2 + T5 (13) Rates2 + T5 (20)
Texture? Rates2 + T7 (13) Rates2 + T7 (20)
TextureAll* Rates2 + T3 + T5 + T7 (15) Rates2 + T3+ TS5+ T7 (22)
TextureOnly Basicl set+ T3 + T5 + T7 (8) Basic2 set+ T3+ T5+ T7 (12)

“Indicates that results are directly comparable with a similar feature set in the ArO experiment.
The dimension of every feature set is indicated in brackets.

divided by the sum of both bands. It should be noted that only
NIR-1 was used as the NIR reference information for WV2 since
a high correlation between the NIR-1 and NIR-2 was detected
(R2 = 0.995). Thus, NDVI, NDGI, and NDBI (using red, green,
and blue bands, respectively) were used for GE1 and WV2.
Moreover, NDYI, NDREI, and NDCBI (using, respectively,
the yellow, red edge, and coastal blue bands) were also computed
for WV2.

Regarding the texture feature estimated from local variance,
different window sizes were taken into account (3 x 3, 5 X 5,
and 7 x 7). The size of the convoluted area was different from
the one applied in the ArO experiment because of the different
GSDs of the GE1 and WV2 PAN-orthoimages. In fact, while a
7 x 7 window size covered 1.4 x 1.4 m for the case of the ArO
dataset, the same window size encompassed an area of
3.5 x 3.5 m for both GE1 and WV2 images, i.e., six times
larger than the area corresponding to the same window size for
the ArO image. According to this, the influence of the window
size should be analyzed. Another difference between both
experiments (ArO and VHR-satellite images) was the availabil-
ity of the PAN band for the satellite images, which allowed the
local variance to be computed from the PAN band. For the case
of the ArO dataset, the local variance was estimated from each
band of the visible spectrum (RGB). The resulting layers for
GE1 and WV2 were called T3, T5, and T7, according to the
window size used.

Summing up, four groups of feature sets were used (see
Table II): 1) only RGB bands were used to be compared with
the results of the ArO experiment; 2) basic information (Basicl
and Basic2, i.e., the RGB bands plus all the available bands for
GE1 and WV2); 3) two types of rates: basic information plus the
chromatic ratios (Rates1, comparable with a similar feature set in
the ArO experiment), and rates which included NDIs (Rates2);
and 4) several combinations of texture indices based on
local variance: Rates2 plus T3, T5 or T7 (obtaining Texture3,
Texture5, and Texture7), Rates2 plus all the different texture
indices (obtaining TextureAll, comparable with a similar feature
set in the ArO experiment called “Variance”), and Basicl plus
T3, T5, and T7 (in order to determine the influence of the Rates2
feature set).

D. Feature Set Selection

The most suitable feature sets for the GE1 and WV2 images
were estimated by means of comparing the classification accu-
racy achieved by each feature set for the pilot area. Error matrices
were calculated for every classification that was performed and
the overall accuracy (OA), user’s accuracy (UA), producer’s
accuracy (PA), and KHAT statistic and its variance were derived
[26]. Then, a comparison of each pair of classifications was
performed by means of a Kappa analysis using the KHAT value
and its variance for each classification [25]. For this work,
significant statistical differences were considered at a 95%
confidence level so two classification accuracies in terms of
KHAT were considered as statistically different if the estimated
Z statistic was larger than 1.96. Once the most appropriate feature
set was selected, it was used to classify the entire area for each
data source.

E. Data Source Comparison Regarding the Feature Set Used

In order to test the influence of the data source on the accuracy
of the results, the pilot area classifications from the different
VHR-images that used similar feature sets were compared to
each other. These comparisons were also performed by means of
a Kappa test. Thus, while 10 feature sets were used to compare
GE1 and WV2 (Table III) only 3 feature sets could be utilized to
compare ArO with both satellite images (RGB, Ratesl, and
TextureAll).

F. Entire Area Classification and Sampling Size Reduction

Once the most suitable feature set was selected for each
dataset, that feature set was used to classify the entire area.
Thus, classifications from the different data sources were again
compared but using the entire sets of training and testing
samples. Furthermore, a training size reduction (starting from
the entire set of training samples) procedure was undertaken in
order to test the optimum number of training samples for the ISAs
classification for each data source. Nine different sizes of training
sets were produced by randomly reducing the total samples in
discrete steps of 10%, ranging from 10% to 90% of the total
number of samples. Additionally, four repetitions for every
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TABLE III TABLE IV
GENERAL AccURACY REsuLTs FOR THE GE1 Stupy GENERAL AcCURACY RESULTS FOR THE WV2 STuDY

Feature set OA PAl PA2 UA1 UA2 KHAT Feature set 0OA PA1 PA2 UA1l UA2 KHAT
RGB 86.1 95.9 69.2 84.4 90.6 0.685° RGB 85.4 95.2 68.4 84.0 89.2 0.670°
Basicl 87.8 95.9 73.7 86.4 91.2 0.725" Basicl 86.4 96.5 68.8 84.3 92.0 0.690™°
Rates1 86.8 97.2 68.8 84.4 93.4 0.699° Basic2 87.4 95.5 733 86.1 90.3 | 0.716™
Rates2 86.3 95.5 70.3 84.8 89.9 0.689" Ratesl 86.4 95.5 70.7 85.0 90.0 0.693"
TextureOnly 87.4 93.5 76.7 87.4 87.2 0.720® Rates2 88.0 89.6 85.3 91.4 82,5 | 0.744™
Texture3 88.6 96.5 74.8 86.9 92.6 0.744% TextureOnly 90.8 93,5 86.1 92.1 88.4 0.800%
Texture5 88.9 97.2 74.4 86.8 93.8 | 0.749% Texture3 89.0 94.2 80.1 89.1 88.8 |0.758"
Texture7 87.5 94.6 75.2 86.9 88.9 0.721* Texture5 90.8 96.3 81.2 89.9 92.7 0.796
TextureAll 90.0 93.7 83.5 90.8 88.4 0.781° Texture7 91.5 96.1 83.5 91.0 92.5 0.812¢
OA, PA, and UA values are expressed in %. 1 and 2 indicate the pervious and TextureAll 90.8 95.0 83.5 90.9 90.6 | 0.798

impervious classes, respectively. Along the KHAT column, figures presenting
different letters indicate significant differences for the KHAT statistic (p < 0.05).

sample size were performed by also using random methods.
Therefore, the final number of different sample sets was 36
(4 repetitions for each of the 9 sample sizes). The number of
samples corresponded with an approximate range of 0.05%—
0.45% of the total number of objects created in the segmentation
process. This decrease in the number of samples was performed
only on the target classes pervious and impervious in order to
simplify the process (not taking into account the subclasses).
Thus, the correlation between the classification accuracy and the
training size could be estimated for the ArO, GE1, and WV2
images. Moreover, the variability within each level of training
size, referred to the statistical significance of the differences in
accuracy within each size, was also assessed for each data source
in order to determine the influence of the data distribution.
Finally, the most suitable number of samples was estimated for
each dataset taking into account that: first, the average accuracy
achieved for the sampling size selected was not statistically
different from that yielded by the total number of samples and
second, no internal variability existed within the set of four
repetitions of the selected size. With the first criterion, the
maximum accuracy is assured (invariability regarding the
sampling size), whereas with the second one the invariability
regarding the sampling distribution is guaranteed.

IV. RESULTS AND DISCUSSION
A. GEI and WV2 Feature Set Selection

The OA, PA, UA, and KHAT calculated from the error
matrices for each feature set from GE1 and WV2 are shown in
Tables Il and IV, respectively. Those results highlighted that the
feature sets yielded overall accuracies ranging from 86.1% to
90.0% for GE1 and from 85.4% to 90.8% for WV2. However,
differences were found for both UAs and especially for the
impervious PAs (up to a difference of 14.7% and 17.3% between
the maximum and minimum classification accuracy figures for
GE1 and WV2, respectively). On one hand, the results implied
that while the PA for the pervious class was very high (around
95% for both images), the PA for the impervious class was
significantly lower. The average of the difference between the
PAs for the impervious and pervious classes was close to 22%
and 16% for GE1 and WV2, respectively. On the other hand, the
differences between the UAs for the two classes were much

OA, PA, and UA values are expressed in %. 1 and 2 indicate the pervious and
impervious classes, respectively. Along the KHAT column, figures presenting
different letters indicate significant differences for the KHAT statistic (p < 0.05).

smaller for both images (the differences were about 5 percentage
points each). According to these results, the pervious class was
classified more accurately, especially if the omission error
(related to PA) was considered.

Then, two kinds of confusions can be expected when the
subclasses are considered: 1) intraclass confusion, which arises
when two subclasses which correspond to the same target class
(pervious or impervious) are misclassified, and 2) interclass
confusion, which occurs when the misclassification happens
between the two subclasses which belong to different target
classes. Notice that only interclass confusion leads to error when
the general error matrix is constructed since only two classes are
considered: 1) pervious and 2) impervious (binary classification
strategy). As an example, and taking into account an error matrix
based on the subclasses for GE1 and WV2 and using the feature
set TextureAll (results not shown), the interclass confusion was
30% and 24% of the total confusion for the pervious class in GE1
and WV?2 classifications, respectively. On the other hand, the
interclass confusion reached 52% and 54% of the total confusion
for the impervious class for both satellite images, mainly because
the impervious class was composed of a large number of
spectrally different materials [16] and some of them were
confused with some of the pervious subclasses. For instance,
some impervious subclasses such as Gray building or Path were
poorly classified (for WV2, PAs were 14% and 42%, and UAs
were 22% and 44%, respectively). Since most of the confusion
for both subclasses was bounded to pervious subclasses such as
Beach and Bare Soil, these errors had to be added up for the
general accuracy assessment of the final target classes pervious
and impervious. Therefore, it was proved that impervious sub-
classes were misclassified as pervious ones more frequently than
vice versa, leading to a low PA score for the impervious class
(Tables IIT and 1V).

The KHAT values highlighted that every feature set yielded a
good agreement (> 0.60) and some of them were close to
obtaining a strong agreement (> 0.80 according to [25]). The
KHAT values were used to check for potential significant
differences (p < 0.05) between the tested approaches through
different Kappa tests. The results of this statistical analysis
pointed out that for the GE1 experiment (Table III, last column
on the right) only the TextureAll feature set showed statistically
significant differences with respect to the other feature sets
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(i.e., RGB, Ratesl, and Rates2). However, the WV2 results
yielded more statistical differences among the classifications and
texture information improved the accuracy when compared to
the feature sets that were based only on spectral information
(both rates and basic spectral features), although no differences
could be established among the feature sets based on texture
(Table IV, last column on the right).

The results shown in Tables III and IV indicated that the
KHAT might not be the most appropriate statistic to identify the
best feature set. In fact, all the OA values seemed to be accurate
and their range of variation was not too large. However, the
difference between the PA and the UA for each class can be used
as an indicator of the goodness of the classification accuracy
results. Therefore, the smaller the difference, the more suitable
the classification, since the PA and the UA would be more
balanced. Regarding the GE1 results, whereas the Texture5
feature set yielded a similar OA to the TextureAll set, the latter
yielded much smaller differences regarding the PA and the UA.
Therefore, the TextureAll set was considered more suitable than
the Texture5 set for GE1. On the other hand, Texture7 yielded the
most accurate result and TextureOnly the most balanced one
(taking into account PA and UA results) for WV2. However,
TextureAll was also considered for WV2 in order to maintain the
same feature set, but was only taken into account for comparison
reasons for GE1 since its accuracy was not statistically different
from Texture7 or TextureOnly feature sets.

For both the GE1 and WV2 classifications, it was found that
the use of NDIs (Rates2 feature set) did not lead to a significant
improvement in the accuracy if compared with simpler feature
sets (i.e., fewer features). The obtained results were different
from the results of a previous study in a less extensive urban zone
in the same area, in which the NDIs ratios achieved more accurate
results than the basic feature set [27] (OA from NDIs was 84.9%
and 74.1% for GE1 and WV2, respectively, while OA from basic
information was 81.5% and 72.1%, both being statistically
significantly different). However, the classified area was not
comparable since the classes that were targeted were significantly
different. This contrasted with the fact that NDIs such as NDVI
have been successfully utilized for the identification of ISAs, but
mainly on medium and low spatial resolution images [28].
Furthermore, Tables III and IV showed that using different
window sizes for the local texture variance calculation did not
lead to statistically significant differences in the accuracy.
Although a very large window size could lead to more significant
differences, as it was found by [29] using IKONOS and Quick-
bird images when using up to a 21 x 21 window size, the
window sizes that were implemented in this study were no larger
than 7 x 7 since a rigorous analysis on the influence of window
size was beyond the scope of this paper, and only the feature sets
which could be compared with the ArO experiment were tested.
Moreover, a combination of different window sizes, such as
those used for the feature set TextureAll, turned out to have an
improvement on the accuracy results (GE1 experiment). Hence,
similar to [30]-[32], the local texture indices were the only
feature that led to a significant increase in the accuracy and,
therefore, the feature set TextureAll was applied to both VHR-
satellite orthoimages in order to obtain the corresponding ISA
classification.

TABLE V
SEPARABILITY OF THE RESULTS BETWEEN THE ARO EXPERIMENT AND BOTH

THE GE1 AND WV2 EXPERIMENTS
Feature set Data source KHAT Z statistic

ArO 0.507
RGB GE1 0.685 4.11
Wv2 0.670 3.73

ArO 0.554
Ratesl GE1 0.699 3.45
Wv2 0.693 3.23

ArO 0.776
Texture GE1 0.781 0.16
Wv2 0.798 0.67

Values above 1.96 (bold figures) indicate significant differences for
the KHAT statistic between ArO and each satellite image
experiment.

B. VHR-Satellite Images Versus Archival Orthoimage for
Comparable Feature Sets

The results of the comparison are depicted in Table V. They
showed that ArO yielded a less accurate classification than any of
the satellite datasets when using the RGB and Rates| feature sets.
The results also proved that the implementation of local variance
texture indices improved the classification regardless of the
considered imagery, but it was quantitatively larger in the case
of ArO. This results agrees with the fact that the improvement of
classification accuracy by means of applying texture indices
depends on the spatial resolution [30], being more effective for
finer resolution images [30], [33]. Furthermore, it was demon-
strated that the classifications which used feature sets with local
variance textures yielded similar accuracy results (i.e., they were
not statistically different).

On one hand, it is important to highlight that when the texture
local variance features were considered, the data with higher
radiometric quality (i.e., GE1 and WV2) did not lead to a
significant improvement in the classification compared to using
higher spatial resolution archival RGB orthoimage data (which
included some artefacts and poor radiometry). In fact, in other
studies such as [17], high-resolution aerial orthoimage data
achieved more accurate results than Quickbird VHR data,
although a different classifier and spatial resolution were used.
On the other hand, it was also proved that both satellite images
yielded significantly higher accuracy when only basic informa-
tion and ratios between bands were used. This could mean that
these kinds of satellite images may be radiometrically more
suitable for image classification due to the difficulty of accurately
classifying a heterogeneous image such as the image that was
used in ArO experiment (spatial resolution of 0.20 m).

As aresult, these findings underlined the importance of using
invariant features for image classification, such as the local
variance texture, especially when VHR images are used [33].
Another work carried out using an SVM classifier and an OBIA
approach on a Quickbird image by optimizing the scale parame-
ter obtained a maximum OA of about 90% [23]; this was similar
to our results.

C. GeoEye-1 Versus WorldView-2 Image Classification

In order to check the influence of the satellite imagery source
on the extraction of ISAs, the classification accuracy results
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TABLE VI
SEPARABILITY OF THE RESULTS BETWEEN THE GE1 AND WV2 EXPERIMENTS
Feature set Data source KHAT Z statistic
GE1 0.685
RGB 0.38
Wv2 0.670
) GE1 0.725
Basicl 0.90
Wv2 0.690
Basic2 Wv2 0.716 0.24
Ratesl GEL 0699 0.15
wv2 0.693 ’
GE1 0.689
Rates2 1.43
Wv2 0.744
GE1 0.744
Texture3 0.39
Wv2 0.758
GE1 0.749
Texture5 1.35
Wv2 0.796
GE1 0.721
Texture7 2.58
Wv2 0.812
GE1 0.720
TextureOnly 2.25
Wv2 0.800
GE1 0.781
TextureAll 0.51
Wv2 0.798

Note that Basicl and Basic2 feature sets for WV2 were
compared with Basicl set for GE1. Values above 1.96 (bold
figures) indicate significant differences for the KHAT statistic
between both accuracy figures (p < 0.05).

achieved using GE1 and WV2 were compared over the pilot area
(Table VI). Those results showed that the differences between
both image sources were small. Actually, they were only statis-
tically significant when the feature sets Texture7 and Texture-
Only were considered. For these cases, WV2 showed a higher
accuracy. Although the differences were not significant, WV2
yielded higher values in the classification accuracy when the
additional bands (Yellow, Coastal Blue, Red Edge, and Nir-2)
and the ratios derived from those bands (Rates2) were used.
When not considering these additional bands, GE1 obtained
slightly more accurate classification results than WV2. It should
be noted that the difference between using those additional bands
or not (Basicl and Basic2 feature sets) was not statistically
significant for WV2, so the effect of including those bands
was only perceptible when the texture indices (Texture7 and
TextureOnly) were included.

It is worth noting that these results are slightly different from
those achieved in a previous study carried out on a smaller urban
area of the same study site [27] in which GeoEye-1 imagery led to
more accurate results than WorldView-2 imagery. Although not
exactly the same feature set was used (e.g., the local variance
texture was not considered in the previous study), and also a
different classifier was tested, it seems to be clear that the classes
that are targeted and the use of a larger and more heterogeneous
area may affect the results of the satellite image comparison.

Some differences can be observed when the image classifica-
tions from both satellites using TextureAll are compared for
the pilot area (Fig. 5). First, it should be stated that 12.8% of
the image pixels were classified differently in both images if
only the target classes are considered. Many of them occurred on
the edges of buildings due to the differences in shadows since
the solar elevation were not the same for both satellite images,

that being shadows were larger for the GE1 image. Additionally,
since the top of the buildings had different orthorectification
errors for both satellites, these edge errors increased. However,
some differences were not related to the image features, but to the
classification method. Thus, more ISAs were estimated by means
of WV2 (13.9% from the whole pilot area of ISAs for GE1 and
20.7% for WV2). For instance, it can be seen from Fig. 5 how
GE1 misclassified a part of a road (PA was 67% for GE1 while it
was 88% for WV2). Moreover, it was proved that the interclass
confusion among subclasses was highly variable depending on
the satellite image. On one hand, among pervious subclasses,
while Individual Trees and Cultivated agricultural field were
more confusing for GE1, Beach was less accurately classified by
WV2. On the other hand, the impervious subclasses Road,
Harbour dam, and Side walk yielded more interclass confusion
for GE1, whereas Gray Building and Path led to more confusion
for WV2. This fact meant that although the overall accuracies
(taking into account the target classes pervious and impervious)
were similar for both satellite images, the distribution of the
classification errors was different; this led to different classifica-
tion results as well.

D. Estimation of the Most Efficient Training Set

First, the classification accuracy results from each source
obtained using all the training and testing samples from the
whole working area (instead of from only the pilot area) and
applying the TextureAll feature set are discussed (Table VII). In
this sense, all the tested data sources achieved high accuracies,
presenting an OA close to 90%. Furthermore, the PA and UA
figures were balanced for both the pervious and impervious
classes (i.e., the small differences between them). These results
proved that a large and well-distributed training set could lead to
an accurate classification regardless of the type of image used. In
fact, only the GE1 classification results were statistically more
accurate than the ArO results, whereas the WV2 ones were not
significantly different from any of the others. However, since a
relatively large number of training samples were used, and taking
into account that this is not usually affordable in an operational
workflow, it was thought to be important to test how the training
sample size reduction would affect the classification accuracy
obtained from each data source. Actually, it has been demon-
strated that the number of training samples can be crucial for
classification accuracy estimations [34]. Additionally, nonpara-
metric classifiers such as SVM may not require a large amount of
training samples but they need appropriate samples, i.e., those
lying on the edge of the class distribution or support vectors [35].

As an example, the results of the training sample size reduction
procedure for the GE1 experiment are depicted in Fig. 6. This
figure showed that the OA tended to increase when more samples
were used. Likewise, the variability of the OA values was
reduced when larger training sample sizes were employed.
Similar findings could be found for the ArO and WV2 experi-
ments (figures not shown).

In the case of the ArO experiment, although the average OA
for the 50% training level was not statistically different from the
classification that was based on all the samples, the variability
within repetitions was not reduced until 60% of the total training
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Fig. 5. Comparison between GE1 and WV2 classifications using TextureAll feature set over a sample zone of the pilot area. Top-left: original GE1 image. Top-right:
GE] classification. Bottom-right: WV2 classification. Bottom-left: GE1-WV2 differences.

TABLE VII
GENERAL ACCURACY RESULTS FOR ARO, GE1, AND WV2 EXPERIMENTS WHEN ALL
TRAINING AND TESTING SAMPLES WERE INCLUDED AND THE TEXTUREALL FEATURE SET
WAS APPLIED

Arcrlival GeoEye-1 WorldView-2
orthoimage
0A 88.1 90.4 89.7
PAL 88.6 90.5 90.9
PA2 87.5 90.1 88.3
UA1 89.2 91.5 90.1
UA2 86.8 89.0 89.2
KHAT 0.760° 0.806" 0.792°*
Training siz
{n; obf;t; 576 583 583
Testing size
. obgiem} 1796 1783 1783

OA, PA, and UA are expressed in %. Significant differences (p < 0.05) between
KHAT results are indicated by different superscript letters.

samples were used. Therefore, the latter percentage was chosen
as the appropriate number of training samples, being 346 the
minimum number of samples to use from a total of 576 samples.
Regarding the GE1 dataset, the 60% training level ensured a
similar accuracy to the total sample set, but 70% of the samples
were needed to be used in order to obtain invariability among
repetitions. Thus, using 408 out of 583 samples was considered
to be suitable for GE1, which meant it had more than 60

09+ *
5. 085 q
o
5 -
§ * * 4 repetitions distribution
© o8 ]
3 e Averaged OA
g .

075+ . 1
%2 10 20 3 4 S0 60 70 8 90 100

% of total training samples

Fig. 6. OA for each repetition and the average value for each training sample size.
GEL1 experiment.

additional samples compared to the ArO trial. Finally, for the
WV2 dataset, when 60% of the total of training samples were
used, it did not show any variability among the four repetitions,
although the average OA turned out not to be significantly
different once the 40% level was reached. Therefore, 60% of
the total training samples were needed to ensure the maximum
accuracy. This meant that 350 out of 583 samples had to be used.

In addition to the previous analysis, the performance of the
data source was compared by estimating the statistical
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TABLE VIII
AVERAGE RESULTS REGARDING OVERALL CLASSIFICATION ACCURACY FOR
EVERY DATA SOURCE AND PERCENTAGE OF TOTAL TRAINING
SampLES LEVEL (EXPRESSED IN %)

ol ArO GE1 wv2

samples
10 82.28° 78.39" 82.67°
20 82.29" 83.31° 85.78"
30 84.59" 88.11° 87.39°
40 85.38" 87.18° 88.46°
50 87.17 88.00 83.11
60 87.37 88.80 89.29
70 86.65 88.39 88.73
80 87.61° 90.35° 89.01°°
a0 87.15° 89.65° 89.55°
100 88.08" 90.35° 89.68°"

Significant differences (p < 0.05) between OA results
situated along rows (data sources) are indicated by
different superscript letters. Bold figures indicate the
less accurate and statistically different result (p < 0.05)
for every training sampling size.

separability (p < 0.05) of their average OAs with the differences
between every two proportions [36]. The OAs were used instead
of the Kappa since an average Kappa from the four repetitions
would have been required. The results can be reviewed in
Table VIII. The ArO classifications were less accurate than some
of the classifications using satellite imagery, either when a large
percentage of samples were utilized (80%—100%) or when few
samples were used (20%—40% of the total training samples). An
exception occurred when 10% of the total samples were used,
where the ArO experiment yielded similar accuracy results to
WV2, and both being more accurate than GE1. Otherwise, no
differences were found among any data source when using the
intermediate percentages (50%—-70%). The results for both sat-
ellite image experiments were only statistically different for the
lowest percentages (10% and 20%), where WV2 led to more
accurate results than GE1. Those results showed that the use of
scanned archival aerial orthoimages generally tends to require a
larger sample size in order to obtain accuracies similar to the ones
from satellite images.

According to the aforementioned results, the SVM algorithm
has been proved as a suitable approach for classifying impervi-
ous areas for all of the image sources that were tested. An inherent
relationship was also found between the accuracy results and the
training sample size for the SVM approach; this is similar to the
findings of [37]. In fact, the accuracy achieved with a certain
training sample may lead to biased results since it has been
proved that not only the size but also the distribution of the
sample matters.

Regarding the sample size reduction, it should be noted that it
was performed without taking into account any stratifications by
subclasses and that only the classes, pervious and impervious,
were considered. Hence, the probability of removing key sam-
ples was high when low percentages of samples were used and,
therefore, the final accuracy could have probably been negatively
affected. Furthermore, since a nonclassifier-oriented training
selection was performed (as suggested by [34], [38]), the more
the samples removed, the higher the likelihood of eliminating

meaningful support vectors that would be needed to effectively
separate pervious and impervious classes.

V. CONCLUSION

A classification strategy based on one approach developed
previously for an archival orthoimage was found to be suitable
when using it on GeoEye-1 and WorldView-2 VHR-satellite
imagery for the classification of ISAs. That was an important
finding since it enables a similar approach over different types of
data sources which facilitate multitemporal and multisource
land-cover studies to be performed. Both satellite images led to
higher classification accuracies than the archival RGB ortho-
image when texture was not included. However, when local
variance texture was added, the accuracy results for all the data
sources were not statistically different. Slight differences were
found between both satellite image classifications for each one of
the feature sets tested, so it cannot be concluded that the higher
number of bands available in the WorldView-2 images provided
a significantly more accurate classification than the one obtained
from GeoEye-1.

When the most numerous and well-distributed training sam-
ples were used to train the SVM classifier on the entire study area,
the GeoEye-1 classification yielded significantly higher accura-
cies than those obtained from the archival orthoimage. The
classification accuracy results that corresponded to the World-
View-2 satellite image were not statistically different with
respect to any other data source. Moreover, the experiment
related to the reduction of training samples clearly demonstrated
that the training size and its distribution over the working area
played a key role. In this sense, it was proved that larger
uncertainties in the classification results could be obtained if
the number of samples is not appropriate.

Finally, SVM was found to be a suitable classifier that can
separate pervious and impervious classes when a proper training
set is available and when invariant feature sets such as texture
based on local variance are used.
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