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Unmanned Aerial Vehicle (UAV) has been used increasingly for natural resource applications in recent
years due to their greater availability and the miniaturization of sensors. In addition, Geographic
Object-Based Image Analysis (GEOBIA) has received more attention as a novel paradigm for remote sens-
ing earth observation data. However, GEOBIA generates some new problems compared with pixel-based
methods. In this study, we developed a strategy for the semi-automatic optimization of object-based clas-
sification, which involves an area-based accuracy assessment that analyzes the relationship between
scale and the training set size. We found that the Overall Accuracy (OA) increased as the training set ratio
(proportion of the segmented objects used for training) increased when the Segmentation Scale Param-
eter (SSP) was fixed. The OA increased more slowly as the training set ratio became larger and a similar
rule was obtained according to the pixel-based image analysis. The OA decreased as the SSP increased
when the training set ratio was fixed. Consequently, the SSP should not be too large during classification
using a small training set ratio. By contrast, a large training set ratio is required if classification is per-
formed using a high SSP. In addition, we suggest that the optimal SSP for each class has a high positive
correlation with the mean area obtained by manual interpretation, which can be summarized by a linear
correlation equation. We expect that these results will be applicable to UAV imagery classification to
determine the optimal SSP for each class.
� 2015 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.
1. Introduction

Geographic Object-Based Image Analysis (GEOBIA) is a system-
atic framework for geographic object identification, which
combines pixels with the same semantic information into an
object, thereby generating an integrated geographic object, before
recognizing the geographic object using GIS spatial analysis or a
mature classification algorithm, i.e., Neural Networks (NN),
Maximum Likelihood (ML), Support Vector Machines (SVM), and
Random Forests (RF). GEOBIA is also a new and evolving paradigm,
which was designed specifically for high resolution remote sensing
image data, in contrast to the pixel-based approach (Benz et al.,
2004; Liu et al., 2006; Blaschke, 2010; Myint et al., 2011; Addink
et al., 2012; Blaschke et al., 2014). Indeed, GEOBIA has become a
popular alternative for land cover and land use classification
(Radoux and Bogaert, 2014). Since the first international GEOBIA
conference in Calgary, Canada, the unique advantages of GEOBIA
have attracted the attention of scholars throughout the global field
of remote sensing (Hay and Castilla, 2008; Powers et al., 2012;
Arvor et al., 2013; Costa et al., 2014; Blaschke et al., 2014). GEOBIA
has many advantages as a new paradigm in the diverse fields of
remote sensing because it is readily combined with GIS to provide
a complete vector map of land use types, which can be used
directly for GIS analysis (Arvor et al., 2013). However, the pixels
that belong to the same object cannot be combined into one com-
plete object accurately due to the uncertainty of segmentation,
which is a process used to partition a complex image scene into
non-overlapping homogeneous regions (Witharana and Civco,
2014). This is because over-segmentation and under-segmentation
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always occur due to inappropriate segmentation parameters, espe-
cially the Segmentation Scale Parameter (SSP) (Kim et al., 2011;
Zhang et al., 2013). Thus, many problems are caused by segmenta-
tion, most of which are also known to affect pixel-based image
analysis. These problems include the strategies used for sample
selection, feature selection, accuracy assessment, and change
detection, as follows. (1) Which of the classes should we label for
over- or under-segmentation during sampling? (2) What are the
best features for classification and what is the most appropriate
feature selection method (e.g., spectral, textural, geometrical, or
semantic features). (3) In GEOBIA, the planar vector layer leads
to many objects being generated by segmentation; thus, should
we consider these objects as single points to evaluate the accuracy,
or return to evaluation at the pixel level by stacking the classified
layer and reference layer? In other words, is the point-based accu-
racy evaluation method or the area-based method more suitable,
and how does the segmentation scale affect them?

In terms of the scale problem, multiresolution segmentation
(MRS) has proved to be one of the most successful image segmen-
tation algorithms in the GEOBIA framework (Witharana and Civco,
2014). This algorithm is relatively complex and user-dependent,
where the scale, shape, and compactness are the main parameters
manipulated by users to control the algorithm (Witharana and
Civco, 2014). The scale parameter is considered to be one of the
most important variables because it controls the relative size of
the image objects, which has a direct impact on the subsequent
classification steps (Kim et al., 2011; Myint et al., 2011; Hussain
et al., 2013; Drağut� et al., 2014). Blaschke et al. (2014) also note
that semantically significant regions are found at different scales,
which makes it important to adjust the scale parameter during
segmentation to obtain optimal results. However, many of the spe-
cific applications used for identification rely on trial and error to
determine the optimal scale parameter based on the experience
of the operators (Laliberte and Rango, 2009; Stefanski et al.,
2013; Ma et al., 2014; Witharana and Civco, 2014). Clearly, this
approach is not desirable because it is user-dependent (Johnson
and Xie, 2011). Thus, many methods have been proposed for deter-
mining the scale parameter (Drağut� et al., 2010, 2014; Johnson and
Xie, 2011). However, most of these proposed methods are based on
specific imagery and none considers the actual cover characteris-
tics when determining the optimal SSP. To implement a multiscale
hierarchical classification method, we usually need to set different
segmentation scale parameters from top to bottom, thereby ensur-
ing the extraction of objects with different sizes (Kim et al., 2011;
Duro et al., 2012). This means that the optimal segmentation scale
is different for various ground objects (e.g., cropland, buildings,
water bodies, and woodland). Therefore, we tried to consider the
actual size of the ground objects to determine their optimal SSP
in the present study. We also aimed to elucidate the specific rela-
tionship between the optimal SSP and the characteristics of actual
objects.

Multiscale GEOBIA can generate dozens and sometimes hun-
dreds of variables for classifying imagery (Duro et al., 2012). In par-
ticular, for UAV VHR imagery, the number of features in each object
can exceed 200 at each scale with eCognition software, which
increases at finer scales due to the soaring number of segmented
objects. Analyzing these features can be more computationally
intensive than the analysis of photos obtained from piloted aircraft
or satellites (Laliberte and Rango, 2009). The high number of fea-
tures also complicates the construction of a classifier and it leads
to the curse of dimensionality or Hughes phenomenon (Pal and
Foody, 2010). Therefore, feature selection is an important step
when improving the accuracy and efficiency of classification. Two
goals of feature selection are obtaining a more thorough under-
standing of the underlying processes that influence the data and
identifying discriminative and useful features for classification
and prediction (Guyon and Elisseeff, 2003). Feature analysis based
on pixels is performed more frequently compared with GEOBIA
(Novack et al., 2011). Several feature reduction techniques are also
used frequently in remote sensing, including InfoGain (Novack
et al., 2011), Relief-F (Novack et al., 2011), RF algorithms (Pal and
Foody, 2010), Correlation-based Feature Selection (CFS) (Hall
et al., 2009), and principal components analysis (Pal and Foody,
2010). There have been no previous evaluations of the performance
of these methods with GEOBIA, except a comparison of three
unrepresentative feature selection methods reported by Laliberte
et al. (2012). In the present study, we did not focus on the scale
of the feature analysis. Instead, we simply employed the filtering
algorithm CFS, which can select a feature subset using a correla-
tion-based heuristic evaluation function (Hall et al., 2009), to
obtain a subset of the best selected features (Pal and Foody, 2010).

GEOBIA must also overcome similar challenges to the tradi-
tional pixel-based approaches, such as the training set size and
its completeness, where the image objects are initially extracted
from an image (Pal and Mather, 2003; Congalton and Green,
2009; Hussain et al., 2013). It is essential that the number of clas-
ses is adequate for describing the land cover of the study area and
the training data must provide a representative description of each
class (Pal and Mather, 2003). For example, an important require-
ment of the ML classifier is that the number of pixels included in
the training dataset for each class should be at least 10–30 times
the number of features. Many previous studies have indicated that
the size of the training dataset has a substantial effect on the clas-
sification accuracy (Pal and Mather, 2003; Foody et al., 2006). In
traditional pixel-based classification analysis, there have been
many analyses of the training set size (Van Niel et al., 2005;
Foody et al., 2006; Rodriguez-Galiano et al., 2012), but few studies
have addressed this issue for GEOBIA. For example, Zhen et al.
(2013) investigated the effect of the training set size on the classi-
fication accuracy and the accuracy estimates obtained from the
validation data, where the training and validation data were
obtained from several selection schemes using WorldView-2 data.
However, a key consideration is the deficiency of accuracy evalua-
tion methods based on points, rather than area-based or polygon-
based methods, as recommended recently, which may be a more
reasonable evaluation method for segmented objects (Whiteside
et al., 2014; Radoux and Bogaert, 2014). The accuracy assessment
sample units may include single pixels, blocks, and polygons
(Stehman and Wickham, 2011), but the accuracy assessment sam-
ple units should be polygons if the polygon map is created by man-
ual interpretation, or using image segmentation and object-based
classification algorithms (Congalton and Green, 2009). However,
Zhen et al. (2013) failed to consider the effect of the training set
size on the accuracy of classification using different segmentation
scales. Thus, to make our results more robust, we analyzed the
effect of the training set size on the classification accuracy, before
using the classification accuracy to evaluate the scale. We also
determined how the training set size affects the accuracy at differ-
ent segmentation scales in GEOBIA.

In addition, civilian applications of Unmanned Aerial Vehicle
(UAV) have increased considerably in recent years due to their
great availability and because of the miniaturization of sensors,
GPS, inertial measurement units, and other hardware (Zhou et al.,
2009). UAV have been combined with remote sensing technology
to acquire spatial data related to land cover, resources, and the
environment for use in remote sensing data modeling and analysis
processes (Cheng et al., 2008, 2012, 2014; Zhang and Kovacs, 2012;
Ma et al., 2013a; Gomez-Candon et al., 2014). The high frequency
and Very High Resolution (VHR) images obtained using UAV means
that UAV have received increasing attention from researchers and
manufacturers (Laliberte and Rango, 2009; Jaakkola et al., 2010;
Kim et al., 2013; Ma et al., 2014; Lucieer et al., 2014). Thus, the
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application range of UAV has expanded to include forest resource
management and monitoring (Dunford et al., 2009), vegetation
and river monitoring (Sugiura et al., 2005), disaster management,
especially earthquake monitoring (Dong and Shan, 2013), and pre-
cision agriculture (Zhang and Kovacs, 2012). However, individual
UAV images generally cover a relatively small area with very high
resolution, since UAVs usually fly with at a relatively low elevation
(Ma et al., 2013b). Due to the challenges in the data preprocessing,
such as triangulation, orthorectification and mosaicking (Ma et al.,
2013b), it may be preferable to classify such UAV images in small
scenes, rather than as a large mosaic. Moreover, in classifying
UAV images individually, the analyst maybe face with issues
regarding the number of training samples to select and the distinct
scale effect. This is because with small individual images, the total
population of segments from which to draw samples is finite. This
problem may be particularly acute, as the segmentation scale
becomes greater, and the number of segments decreases.

To address these problems, we propose a technical framework
for UAV classification using GEOBIA, where we consider the strat-
Fig. 1. Study
egies used for optimal sample selection, efficient feature selection,
and robust accuracy assessment, as follows. First, manual interpre-
tation is applied to UAV imagery to acquire prior knowledge of the
imagery, before using a stratified random sampling strategy to
assess the effect of the training set size. Second, a RF classifier is
used to classify the UAV imagery and an area-based accuracy eval-
uation method is employed to assess the sensitivity to the training
set size and scale variations. We hope that the derived laws or the-
ory may be useful for GEOBIA, by providing scientific support for
researchers and users of other VHR imagery types. Our results
are incorporated into a workable solution for classification using
UAV.

2. Study area and data acquisition

The study area selected was Deyang, which is located in the
northeast hilly area of the Chengdu plain in Sichuan Province,
China, and this area includes cropland, woodland, and rural build-
ings (Fig. 1). We used a fixed wing UAV with a digital camera,
areas.
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Canon EOS 5D Mark II, to acquire images with an 80% forward lap
and a 60% side lap. The images were acquired at a height of 750 m,
August 2011. The resolution of the camera was 5616 � 3744 pixels,
which generated an image size of 1123 � 748 m, with a pixel res-
olution of 0.2 m. The focal length of the camera was 24.5988 mm
and the pixel size was 0.0064 mm. Subsequently, using the col-
lected control points, a digital orthophoto map (DOM) with a
500 � 500 m standard sheet was produced by digital photogram-
metry (Ma et al., 2013a). It should be noted that UAV data differ
from satellite imagery in terms of navigation, orientation, and
the remote sensing payloads (Colomina and Molina, 2014). The
effects of navigation and orientation mean that the imageries
always require preprocessing, such as triangulation, orthorectifica-
tion, and mosaicking. Moreover, the UAV equipped with a Canon
EOS 5D Mark II could only acquire RGB bands.

Both of the standard sheets were used in our study, i.e., area 1
and area 2 (Fig. 1). Study area 1 comprised a variety of land cover
types, but mainly cropland (38%) with paddy fields and dry land.
The remainder of study area 1 was characterized by the presence
of woodland (43%), buildings (6%), bare land (5%), and roads (2%).
Study area 2 comprised cropland (45%), woodland (37%), buildings
(4%), bare land (4%), roads (1%), and water (5%). The low percent-
ages of roads in both images meant that they were not considered
during classification because of the low sample sizes. Thus, only
cropland, woodland, buildings, bare land, and water were
classified.

3. Methods

Based on the DOM, the general workflow (Fig. 2) was as follows.
(1) Segment the image at multiple scales. (2) Sample using a strat-
ified random scheme, with the same training set ratio (proportion
of the segmented objects used for training) for each class. (3) Select
features for each scale using CFS. (4) Classify the image using a RF
classifier. (5) Evaluate the performance accuracy using an area-
based method. It should be noted that the training set size was
evaluated before classification. The initial assessment of the UAV
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images for GEOBIA was used to set the training set ratio because
no specialized evaluation procedure is available at present to select
a suitable training set for GEOBIA. Thus, the training set size was
evaluated at each scale to ensure that the classification accuracy
evaluation obtained robust results at all scales. The precision was
also comparable at different scales.

3.1. Image segmentation

We used eCognition 8.7 (eCognition Software� Definiens, 2011)
to segment the UAV image scenes. The eCognition developer’s pro-
prietary MRS is known to be one of the most successful segmenta-
tion algorithms and it is capable of producing meaningful image
objects in many remote sensing application domains. This segmen-
tation method is a bottom-up region merging technique, where
small segments are merged into larger ones based on the heteroge-
neity (similarity of spectral and spatial characteristics) of adjacent
objects in terms of three parameters: scale, shape, and compact-
ness. The scale parameter defines the maximum standard of the
homogeneity criteria with respect to the weighted image layers
used to segment objects, where a higher value yields larger objects.
The composition of the homogeneity criteria is controlled by the
color and shape, where the sum of the weight coefficient for each
pair is equal to 1. The shape parameter defines the textural homo-
geneity used to derive objects, including the smoothness and com-
pactness (shape = smoothness + compactness) (eCognition
Software� Definiens, 2011). Therefore, the actual composition of
the homogeneity criteria can be customized by weighting the
shape and compactness criteria.

In this study, a segmented image series was obtained using 20
different scale parameters, which started with a scale parameter
of 10 and ended at 200, with increments of 10, which allowed
the image to be analyzed at multiple scales. The weights of color/
shape and smoothness/compactness were the same for every scale.
Color/shape was set to 0.9/0.1 because we wanted the spectral
information to have the most important role during segmentation.
Smoothness/compactness was set to 0.5/0.5 because we did not
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want to favor compact or non-compact segments. The weights of
the image layer were set to 1 for all three bands to avoid any bias.

3.2. Classification

3.2.1. Sample selection
We reviewed previous studies of accuracy assessment to facili-

tate the design of the sampling and labeling approach, because
most accuracy assessment approaches are highly dependent on
the sample selection during the classification of remote sensing
images. Pixels, blocks of pixels, and polygons are all potentially via-
ble spatial units when conducting an accuracy assessment accord-
ing to the pixel-based paradigm (Stehman and Wickham, 2011).
Simple random, stratified random, systematic, and cluster sampling
are considered by many sampling schemes (Congalton and Green,
2009). In addition, ‘‘clusters of polygons’’ is a sample unit utilized
by GEOBIA. According to the GEOBIA paradigm, the sample units
and sample schemes determine whether the accuracy assessment
results are reliable or not because of the uncertain target objects
(i.e., the object size changes with the scale). Congalton and Green
(2009) recommend polygons as the usual sample units for object-
based classification. However, the use of polygons as sample units
can cause confusion (Fig. 3), because there are several possible
topological relationships between the classified objects and refer-
ence objects (Whiteside et al., 2014). Thus, a method needs to be
developed for creating the sample object label (discussed in Sec-
tion 4.2), where the simplest approach uses the majority class of
the polygon to create the object label (Congalton and Green,
2009). In addition, simple random sampling was used to obtain ref-
erence data for training and assessment in most previous studies
(Zhen et al., 2013; Puissant et al., 2014; Whiteside et al., 2014).
However, this approach is not always appropriate because it tends
to under-sample rare but possibly very important map categories
unless the sample size is notably increased. Thus, we recommend
stratified random sampling, which ensures unbiased sample selec-
tion and adequate numbers of samples in each class.

The results of the manual interpretations of UAV imagery were
used as a reference layer that overlapped the segmented layer,
where a polygon in the segmented layer belonged to a class if it con-
tained more than 60% of the specific class. Subsequently, the sample
sets were constructed automatically at each scale by software
based on ArcEngin9.3 and C#. Thus, stratified random sampling
was implemented at the sample set level, where all of the seg-
mented layers were labeled to link with the reference layers. How-
ever, there was a problem when the sample set was used to train
the rules for classification, which depended on the appropriateness
Reference Object Segmented 

a b

Fig. 3. Example showing the relationship between segmented objects (dotted line) and re
at a fine scale, (b) they overlap at a medium scale, and (c) the reference object is contai
of the ratio at all scales to make them comparable. Section 3.2.2
provides a quantitative analysis of the optimal training set size.

3.2.2. Evaluation of the optimal training dataset size
The number of training areas should be as large as possible to

represent all of the variability in a category (Pal and Mather,
2003), but it is also necessary to design a sampling scheme that per-
forms well in economic and time terms, which can obtain an
acceptable mapping accuracy level (Lippitt et al., 2008). In this
study, we employed a unified and comparable scheme to determine
the training set size, which was linked to the scale (i.e., the effects of
the number of objects and the average area); thus, an appropriate
evaluation of the training set size was necessary before classifica-
tion. We aimed to acquire a reasonable of training set ratio for
scales of 10–200, which differed from previous studies. More spe-
cifically, we ensured that the variables used at all scales remained
efficient when the area-based accuracy was used. Given the
requirement for high-resolution image classification and accuracy
evaluation, we used geographic object-based technology; thus,
the minimum unit was a homogeneous object (polygon) rather
than a pixel (Stehman and Wickham, 2011; Radoux and Bogaert,
2014). The optimization of the training set aimed to find a compa-
rable variable for the training set size using a RF classifier, which
was not certain to achieve the highest classification accuracy. This
specific evaluation of the training set size using UAV imagery before
feature selection and RF classification aimed to make our results
more reliable without strong hypotheses, but this evaluation also
provides guidance for selecting the training set size with GEOBIA
using VHR imagery in the future. To reduce the uncertainty of the
classification accuracy due to the use of different training set sizes
at different scales, we employed a predictor of the overall accuracy
(OA) during the assessment of the training set size for GEOBIA to
determine the optimal training set ratio. First, we used six different
training set ratios, i.e., 10–60% with increments of 10% in the seg-
mented layer, to implement stratified random sampling with the
labeled objects, as described in Section 3.2.1. Objects with the
remaining ratio of 40% were used as the validation set to calculate
the OA. This process was repeated at scales from 10 to 200.

3.2.3. Features and feature selection
GEOBIA generates more features compared with pixel-based

methods because it employs segmented objects. In the present
study, we analyzed some features that are used frequently by
eCognition software (eCognition Software� Definiens, 2011),
including spectral measures, shape, and texture. These features
were calculated using all three bands of the UAV data. The spectral
Object

c

ference objects (heavy line). (a) The segmented objects contain the reference object
ned within the segmented object at a coarse scale.
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measures comprised mean blue, mean green, mean red, max differ-
ence, standard deviation blue, standard deviation green, standard
deviation red, and brightness. The shape measures comprised area,
compactness, density, roundness, main direction, rectangular fit,
elliptic fit, asymmetry, border index, and shape index. The texture
measures comprised GLCM (Gray-Level Co-occurrence Matrix)
homogeneity, GLCM contrast, GLCM dissimilarity, GLCM entropy,
GLCM std. dev., GLCM correlation, GLCM ang. 2nd moment, GLCM
mean, GLDV (Gray-Level Difference Vector) ang. 2nd moment,
GLDV entropy, GLDV mean, and GLDV contrast. The GLCM and
GLDV were calculated based on the pixels in each object. They
were used for each segmentation layer and in the feature selection
algorithm.

In the present study, a best-first search strategy was used to
obtain the optimal feature subset as well as feature importance
evaluation using the gain ratio (Quinlan, 1996). First, we used
the gain ratio as a measure of a single feature to rank all of the fea-
tures in order to minimize the computational requirements. Sec-
ond, the best-first search algorithm, which searches the space of
the attribute subsets by greedy hill climbing augmented with a
backtracking facility, was used to obtain the subset for assessment.
Third, CFS was used to measure the quality of a subset of features,
which were aggregated using the best-first search strategy based
on the results of the feature importance evaluation.

The features ordered by the gain ratio at different scales are
shown in Section 4.3. It is known that sorted features cannot rep-
resent the optimal subset for a classifier and that the feature subset
with the top ranking cannot obtain the optimal classification
results. The top ranking attributes were imported in advance by
the best-first search algorithm for use as candidate features. In
best-first search, two sets of nodes are maintained: open and
closed. The open list is typically implemented using a priority
queue, which is sorted by the gain ratio criteria, whereas the closed
list is typically implemented as a hash table (Burns et al., 2010). A
stopping criterion is used to prevent the best-first search from
exploring the entire search space. If the evaluation criteria are
not improved when the feature subset is added five consecutive
times, the feature subset is no longer cycled to add more features.

CFS’s feature subset evaluation function was used to select a
subset of discriminative features based on the hypothesis that ‘‘a
good feature subset contains features highly correlated with the
class, yet uncorrelated with each other’’ (Hall and Holmes, 2003).
The merit was calculated by Eq. (1):

Merit ¼ k�rcfffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
kþ kðk� 1Þ�rff

p ð1Þ

where k is the number of features in the subset, ‘‘f’’ is the feature,
‘‘c’’ is the class, �rcf is the mean feature correlation with the class,
and �rff is the average feature inter-correlation. Both �rcf and �rff are
calculated using a measure based on conditional entropy (Press
et al., 1988). The difference between a normal filter algorithm and
CFS is that the normal filter provides scores for each feature inde-
pendently, whereas CFS gives the heuristic merit of a feature subset
and reports the best subset that it finds (Huang et al., 2008).

This procedure was performed automatically based on C#
and Weka to output the features subset for the RF classifier at
every scale. Furthermore, the optimal features for classification
may be scale-dependent (Laliberte et al., 2012) for GEOBIA.
Thus, CFS was applied at each scale before classification. Thus,
the optimal feature subset for classification could be different
at each scale.

3.2.4. RF classifier
Since the RF classifier was proposed (Breiman, 2001), it has

been improved continuously in the field of remote sensing image
information extraction, where it has been shown to be a robust
classifier (Chan and Paelinckx, 2008; Rodriguez-Galiano et al.,
2012; Puissant et al., 2014). RF employs a random method to estab-
lish a forest, which comprises many mutually independent deci-
sion trees. After obtaining the forest using the training set, we let
each decision tree in the forest make a judgment about the unla-
beled sample, before the unlabeled sample was predicted as the
category that was voted for most frequently. Therefore, compared
with other machine learning algorithms, RF can detect mislabeled
examples of training information in GEOBIA that are associated
with noise due to the essential sampling problem of GEOBIA.

The basic steps employed by RFs are as follows (Verikas et al.,
2011).

(1) Each tree in a RF is grown using a bagging or bootstrap sam-
ple from the training set.

(2) When growing a tree, n variables (features) are selected ran-
domly from the N available at each node (N is the number of
the features imported).

(3) In general, n� N. It is recommended to start with
n ¼ blog2ðNÞ þ 1c or n ¼

ffiffiffiffi
N
p

, before decreasing and increas-
ing n until the minimum error is obtained for the out of
bag dataset. At each node, only the variable that provides
the best split is used out of the n selected.

Thus, it is clear that the RF classifier only requires the definition
of two parameters to generate a prediction model: the number of
classification trees desired (k) and the number of prediction vari-
ables (n) used in each node to make the tree grow. When consider-
ing the parameter set used for remote sensing classification by the
RF classifier, Rodriguez-Galiano et al. (2012) showed that it was
preferable to use a large number of trees (k) and a small number
of split variables (n) to reduce the generalization error and the cor-
relation between trees. Based on their research results, our RF
model used 479 trees and one single randomly split variable (fea-
ture) for UAV optical imagery classification. The overall classifica-
tion procedure was performed automatically using C# and
Matlab (RF classifier).
3.3. Accuracy assessment

The accuracy assessment method used for GEOBIA is considered
to be an emerging research field because of its specific features
compared with pixel-based classifiers (Blaschke, 2010; Whiteside
et al., 2014; Radoux and Bogaert, 2014). Area-based methods have
been used extensively for overall quality evaluations during build-
ing extraction (Freire et al., 2014). In general, area-based methods
evaluate the classification accuracy in terms of the extent of fea-
tures and their spatial distribution (Freire et al., 2014). GEOBIA
has the potential to be affected by the scale problem, which means
that the number of mixed objects will increase gradually and infi-
nitely with the increase in scale, thereby leading to errors in object
recognition. Obviously, these errors cannot be solved using a
point-based accuracy assessment method, thus the area-based
(polygon-based) accuracy assessment method is used to facilitate
the production of a confusion matrix (Congalton and Green,
2009; Whiteside et al., 2014), which is used to calculate the User’s
Accuracy (UA), or commission error for each category. This sug-
gests that the effect of the polygon’s area on the classification accu-
racy should be considered during accuracy assessments for
GEOBIA. Note that we also used the OA from the confusion matrix
to evaluate the effect of the training dataset size (Section 3.2.2). To
facilitate the analysis of scale effects on the classification accuracy,
the accuracy assessment procedure was implemented automati-
cally based on C# and ArcEngine 9.2.



20 L. Ma et al. / ISPRS Journal of Photogrammetry and Remote Sensing 102 (2015) 14–27
4. Experiments and discussion

The aim of this study was to evaluate the effects of the training
dataset size, feature selection, and scale on the classification accu-
racy based on a RF classifier. Fig. 4 shows the segmented layer
obtained by MRS and the reference layer obtained by manual inter-
pretation. Fig. 4a shows the segmentation results for area 1 at a
scale of 100. Fig. 4b shows the manual interpretation layer for area
1, which comprised buildings, woodland, cropland, bare land, and
road, where the mean area of each of these classes was 112.9,
1859.9, 557.8, 202.8, and 487.7 m2, respectively. Fig. 4c shows
the segmentation results for area 2 at a scale of 100. Fig. 4d shows
the manual interpretation layer for area 2, which comprised build-
ings, woodland, cropland, bare land, road, and water, where the
mean area of each of these classes was 213.3, 1105.4, 603.5,
160.9, 380.1, and 6316.4 m2, respectively. The water category
was not considered because there were too few samples after seg-
mentation, especially at a coarse scale.
Fig. 4. The segmented layers and the corresponding reference layers. (a) The segmented l
segmented layer for area 2 at a scale of 100; and (d) the manual interpretation layer fo
4.1. Evaluation of the training set size

To assess the effect of the training set size, we classified both
images using the RF classifier to determine the OA. Fig. 4b and d
show the manual interpretation layers and the segmented layers,
where the manual interpretation results comprised cropland,
woodland, buildings, water body, road, and bare land. First, we
labeled all of the objects in the segmented layer based on the man-
ual interpretation layer by intersecting the segmented layer with
the reference layer. For example, we labeled a segmented object
as cropland if it contained more than 60% cropland objects in the
reference layer. The other segmented objects were labeled in a
similar manner. Next, most of the segmented objects were given
an attribute of category and stratified random sampling was imple-
mented in the labeled segmented layer. To obtain the optimal
value of the training set ratio, a number of experiments were per-
formed using training set sizes with different ratios and different
scales for segmentation. The training set ratio ranged between
ayer for area 1 at a scale of 100; (b) the manual interpretation layer for area 1; (c) the
r area 2.
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10% and 60%, and the scale of segmentation was fixed from 10 to
200, where we used intervals of 10% and 10, respectively. This
yielded a total of 120 different classification results for each study
area. The results were evaluated using the area-based OA
(Congalton and Green, 2009; Radoux and Bogaert, 2014) with the
40% random test dataset. We only present the results for area 2
because the trends were the same (Fig. 5).

Fig. 5 shows the relationship between the segmentation scale
and the training set ratio, which were used to train each RF model,
and the classifier accuracy for the validation dataset. These results
indicate that the level of accuracy increased with the size of the
training set, whereas it declined as the segmentation scale
increased, for GEOBIA. The same trends were found according to
the pixel-based analysis, i.e., the OA was higher when the training
set ratio was larger (Pal and Mather, 2003; Rodriguez-Galiano
et al., 2012). In general, the training set with the optimal size
should be used to analyze the effects of scale and features during
UAV image classification. However, due to the limits of sampling,
the maximum training samples we selected had a ratio of 60%.
As the scale increased from 10 to 200, there was an unstable
decline in the classification accuracy when the training set ratio
was set at a lower level (i.e., 10%). There was also a stable declining
trend when the training set ratio was set at a higher level (i.e.,
50%). These results also indicate that there was high consistency
in the OA at all 20 scales only when the training set ratio was high.
According to these findings, we used a uniform training set ratio of
50% in the subsequent analysis.

The OA decreased as the scale increased, because under-seg-
mentation increased as the scale increased, thereby yielding mixed
objects. There is a natural error during classification due to under-
segmentation (Kim et al., 2011; Witharana and Civco, 2014). Thus,
an unstable decline may be more evident at a coarse scale, espe-
cially with a small training set ratio. For example, with a training
set ratio of 10%, fluctuations began to occur when the scale param-
eter was >50; with a training set ratio of 20%, fluctuations began to
occur when the scale parameter was >80; and with a training set
ratio of 30%, fluctuations began to occur when the scale parameter
was >120. With a training set ratio of 40%, the precision was rela-
tively more unstable when the scale was >180, but when the train-
ing set ratio was 50%, the precision was more stable at all 20 scales.
These results indicate that the accuracy assessment was only cred-
ible at a fine scale when the training set ratio was at a low level. For
example, a scale parameter range of 10–60 could be used when the
training set ratio is 10%. Consequently, the comparable range of the
scale will also expand as the training set size increases.
Fig. 5. Overall accuracy in terms of the relationship between the segmentation
scale and the training set ratio.
By contrast, a training set ratio of 10% produced an OA of 0.8023
at a scale of 50, while a ratio of 30% generated an OA of 0.8625 at
the same scale. However, the OA only increased to 0.8928 with a
ratio of 50% for a scale of 50. Therefore, as the training set ratio
increased from 10% to 30%, there was a rapid increase in the clas-
sification accuracy of 0.0602, whereas there was a slight increase of
0.0303 as the training set ratio increased from 30% to 50%. This
indicates that the increase in the OA was slower with a large train-
ing set ratio. We found that the width of the contours in Fig. 5
increased markedly as the training set ratio increased, e.g., eight
contours with ratios of 15–35%, but only four contours with ratios
of 35–55%, where one contour represented a precision of approxi-
mately 0.0072 or 0.0073.

4.2. Sampling

To implement the stratified random sampling strategy at multi-
ple scales, manual interpretations (Fig. 4b and d) of area 1 and area
2 were used as a reference layer to obtain a priori knowledge of the
areas, which is a primary requirement of the stratified random
sampling strategy (Congalton and Green, 2009). This part of the
study did not focus on classification, but instead we aimed to
explore the behavior of the training set size, features, scale when
they varied. Thus, the land cover acquired by manual interpreta-
tion of the research area was used to overcome the primary prob-
lem of the stratified random sampling strategy. The reference was
then overlapped with the segmented layer to provide the seg-
mented object with a class label according to the rules described
in Section 3.2.1. Subsequently, we used a training set ratio of 50%
for each class based on the discussion in Section 4.1. It should be
noted that Radoux and Bogaert (2014) also proposed rules for
labeling different classes, e.g., 25% for urban and agriculture, and
75% for natural vegetation and water.

4.3. Gain ratio and CFS results

Figs. 6 and 7 show the relative contributions of the input fea-
tures based on the gain ratio index for area 1 at scales of 60 and
110, respectively. These figures clearly show that the gain ratio val-
ues of the spectral features (F1–F8) and texture features (F19–F30)
were significantly higher than that of the shape features (F9–F18),
especially at a lower scale of 60. It should also be noted that the
gap in the importance between shape features and spectral or tex-
ture features at a scale of 110 was less than that at a scale of 60.
Thus, the effect of shape features may tend to become stronger as
the scale increases. Moreover, the spectral and texture features esti-
mated from scales of 60 and 110 had equal relative importance.
Table 1 shows that a few texture features generated by CFS, includ-
ing GLCM homogeneity, GLCM ang. 2nd moment, and GLCM mean,
which are used frequently, contributed little of importance com-
pared with the remaining features. This does not mean that the tex-
ture measures did not contribute to the classification of a specific
category, but only that there was a strong correlation between
the texture features and the spectral features because these mea-
sures were derived from the spectral information. In addition, we
also present the results for the features subset filtered using CFS
at scales of 60 and 110 (Figs. 6 and 7), which show that there was
an optimal subset of 12 features at a scale of 60, whereas a subset
of nine features comprised the most important variables for the
classification at a scale of 110. Note that not all of the features in
the top 12 or nine were imported into the optimal feature subset.
For example, at a scale of 60, the spectral parameters with lower
gain ratios, i.e., F4, F6, and F7, were considered the best subset,
instead of F2 and F5. The same approach was applied to the textural
and shape measures. The features with higher importance were
ranked higher, but they were highly correlated with features that



Fig. 6. Importance of features based on the gain ratio and the CFS results at a scale of 60 (area 1).

Fig. 7. Importance of features based on the gain ratio and the CFS results at a scale of 110 (area 1).
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were more preferable, so they were not selected for the subsets. By
contrast, the gain ratios of some features were low, but they were
uncorrelated or weakly correlated with the other features. There-
fore, they contributed more to the class separability. This also sug-
gests that it is necessary to construct the optimal feature space in
GEOBIA. Table 1 shows the optimal subsets obtained with different
scales using the CFS method in area 1. In general, the results in this
table suggest that F1, F3, F4, F6, F8, F11, F16, F19, F25, and F26
should be used as common features to avoid feature selection,
and to calculate all of the features prior to the classification model.

4.4. Scale and classification accuracy

The scale-UA curves for each class were generated for areas 1
and 2. Fig. 8 (area 1) shows the UA behavior for three categories,
i.e., cropland, woodland, and buildings, whereas bare land, roads,
and water bodies are not listed because the sample sizes were
too small to produce large fluctuations. In the same manner,
Fig. 9 (area 2) shows the UA curves for cropland, woodland, and
buildings, whereas bare land and roads are not shown. In area 1,
it is clear that the UA was very stable for woodland at all scales
(10–200), where a level of 95% was maintained without large fluc-
tuations. However, the UA of cropland tended to decline between
scales of 80 and 100, whereas it was almost invariable between
scales of 10 and 80, but there was also an abrupt reduction when
the scale exceeded 110. It should be noted that the UA of cropland
decreased notably when the scale increased beyond 110. For the
buildings category, we found that the UA tended to decrease when
the scale was larger than 70 (Fig. 8). A similar behavior was
observed in experimental area 2, with a declining UA trend for



Table 1
CFS results for area 1 at each scale.

Note: The best features for most scales are indicated in bold.

Fig. 8. Variations in the classification accuracy as the scale parameters increased
using the RF classifier and area-based accuracy assessment method (area 1, CFS).

Fig. 9. Variations in the classification accuracy as the scale parameters increased
using the RF classifier and area-based accuracy assessment method (area 2, CFS).
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buildings above a scale of 60, while the decline for cropland
occurred above a scale of 80 (Fig. 9). In addition, the threshold
value for the decline was 170 for woodland based on the results
with an extended scale range in area 2. A threshold value of 200
was obtained in the same manner for area 1.

The results described above show clearly that the UA of a spe-
cific map category, which did not decrease as the scale increased,
was relatively stable at a fine scale. In other words, the UA did
not increase with finer segmentation, but there were variable
thresholds for different categories, after which there were signifi-
cant declines as the scale increased. It should also be noted that
our results do not agree with the findings of Laliberte and Rango
(2009), who suggested that the UA increases as the scale increases.
This may be attributable to the point-based accuracy evaluation
method used in their early research. We tested the same accuracy
assessment method in our experiments and we observed a similar
trend to Laliberte and Rango (2009) (results not shown), i.e., an
increase as the scale increased. However, this may be unreasonable
because large polygons derived at a coarse scale are more likely to
be under-segmented, thereby producing a large number of mixed
objects that are less representative of their class. These polygons
could then be misclassified because their mean spectral values
do not reflect their actual content (Radoux and Bogaert, 2014).
Thus, it should be noted that an accuracy assessment method that
produces a sustained increase in accuracy is not encouraged for
GEOBIA accuracy assessment.



Fig. 10. Relationship between the optimal SSP (the scale was derived based on
abrupt changes in the UA, as shown on the y-axis) and the average size or mean area
of real-world objects based on the semantic interpretation (shown on the x-axis).
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For each class, the UA increased with the scale, which did not
occur again with the area-based accuracy assessment method,
but the UA declined abruptly at the start with different scales,
which depended on the specific class. In addition to the UA behav-
ior, the OA also decreased as the scale increased in both experi-
ments, and the estimated OA results for area 2 are shown in
Fig. 5 (the results for area 1 are not shown). Clearly, this is reason-
able because more accurate information can be expressed by seg-
mented objects at a finer scale. A segmented object (i.e., single
cropland, building, and bare land areas that have been visually
identified as single objects) has a small area at a very fine scale;
thus, it cannot always represent the entire surface of an object
completely, but it incorporates part of a true object with a lower
risk of error compared with a coarse scale.

Figs. 8 and 9 show that the thresholds caused abrupt changes in
the UA, which differed among the categories. In general, the UA-
curve changed abruptly at this scale, after which the sum of the
absolute values of UA difference between adjacent scales was
greater than 5%. According to our analysis, the highest value was
always obtained for woodland in both experiments, followed by
the threshold for cropland and then buildings. However, the rela-
tionships between the thresholds of these categories were similar
in both experiments. This is clearly reasonable because the largest
area of an average single woodland is interpreted in the human
layer. Although larger objects were generated as the scale
increased, they still comprised the whole or part of a woodland
object at a larger scale due to the essential large spatial regions,
thereby avoiding mixed objects. For cropland, many mixed objects
were produced at a large scale because the area of a single cropland
was smaller than that of a woodland, which resulted in a lower UA
level at a lower scale. Similarly, the average spatial areas of single
buildings were smaller than those of both cropland and woodland;
thus, the threshold for the reduction in the UA occurred at a rela-
tively low scale, as shown in Figs. 8 and 9.

These results suggest a simple rule for the classification of
remote sensing image using GEOBIA, i.e., we can select the smallest
segmentation scale possible provided that we can ensure that the
size of the training samples dataset is appropriate. In other words,
over-segmentation (Kim et al., 2011) generally fails to reduce the
classification accuracy by compensating for bias when using an
adequate number of training samples, whereas under-segmenta-
tion (which leads to class mislabeling) has major effects on classi-
fication even if more training samples are used. In practice, it is
necessary to determine an optimal segmentation scale to obtain
better classification performance, where the threshold should be
as high as possible to reduce the number of training samples
required, as described in Section 4.1. At a fine scale, the number
of segmented objects increases suddenly, which increases the com-
putational load of the calculations, while the acquisition of true
reference information (training set) for training the classifier is also
a time-consuming task that incurs high economic costs.

Furthermore, it should be noted that the number of image
objects obtained appears to depend on the SSP values identified
(Drağut� et al., 2014), which means that the average size of the
actual objects determined by manual delineation may be propor-
tional to the SSP values. Based on this hypothesis, we propose a
semi-automatic method, which is combined with our previous
analysis of the search for a threshold, thereby allowing the direct
determination of the optimized scale parameters in various catego-
ries for a specific UAV image. To achieve this aim, the results of
both experiments were analyzed comprehensively to elucidate
the relationship between the optimal SSP value and the average
size of the actual objects. First, the average sizes in different cate-
gories were calculated using both manual interpretation layers.
Second, the optimal SSP values (previously called thresholds) were
obtained that corresponded to the classes, as shown in Figs. 8 and
9. Fig. 10 shows a scatter plot of the optimal segmentation scale vs
the mean area, which indicates that there was a strong positive lin-
ear correlation between the optimal segmentation scale and the
mean area of actual objects. The correlation coefficient R2 was
0.8628. Fig. 10 also shows that the size of the segmented objects
was notably affected by the SSP, where the increasing size of the
objects was associated with increasing SSP values (Blaschke,
2010; Witharana and Civco, 2014). Based on the linear fitting result
for the scatter plot, we obtained an equation that represented the
relationship between the optimal SSP and the average size of the
real world objects based on the semantic interpretation:
y = 36.81 + 0.0939x (y is the optimal SSP and x is the mean area
of real-world objects for each category in the reference layer). In
practice, for specific UAV imagery, this equation suggests that the
optimal SSP could be determined directly before classification
using GEOBIA by referencing the general size of real-world objects,
or by calculating the average size of the semantic interpretation of
objects. For example, if the average size of the actual objects based
on a human interpretation is 600 m2 in a test area of cropland, the
optimal SSP for the cropland is 90 according to the equation above.

In this study, only the single-scale classification results are
shown in Fig. 11. The OA values obtained for areas 1 and 2 were
0.8943 at a scale of 110 and 0.8829 at a scale of 80, respectively
(Tables 2 and 3). These results and our other considerations all sug-
gest that a more efficient single-scale classification process can be
obtained with a competitive OA by using the recommended scale
rather than a coarse scale. According to the confusion matrix
shown in Tables 2 and 3, the accuracies of the two areas are simi-
lar. In detail, the water in area 2 has the highest classification accu-
racy because of the stable and unique spectrum (Table 3), whereas
there are many misclassifications of cropland and woodland in
areas 1 and 2 because of their similar spectra. In addition, there
were misclassifications of building and woodland/cropland
because small buildings were always covered by trees, or they
were close to cropland, which resulted in a high level of vegetation
in some building pixels. Roads were differentiated with difficultly
from the other categories, especially building and woodland. Bare-
land was easily confused with cropland and woodland, because fal-
low cropland and sparse woodland are similar to bareland.

4.5. A comprehensive analysis on effect of GEOBIA classification

Further analysis based on the previous results suggests that it is
only necessary to use a lower training set ratio at a fine scale to
obtain a higher level of classification accuracy, whereas a higher



Fig. 11. Classification of experimental area 1 (left) and area 2 (right) with scale parameters of 110 and 80, respectively.

Table 2
Classification confusion matrix for area 1 at scale 110.

Reference categories

Road Bareland Cropland Woodland Building Sum (m2) Commission

Road 2527 162 251 954 978 4872 0.481
Bareland 252 8017 3062 1112 126 12,569 0.362
Cropland 265 2044 86,911 6973 226 96,419 0.099
Woodland 306 378 3071 103,607 473 107,835 0.039
Building 786 123 1625 1803 10,222 14,559 0.298
Sum (m2) 4136 10,724 94,920 114,449 12,025
Omission error 0.398 0.252 0.084 0.095 0.150

Overall accuracy = 89.43%, kappa coefficient = 0.826.

Table 3
Classification confusion matrix for area 2 at scale 80.

Reference categories

Road Bareland Cropland Water Woodland Building Sum (m2) Commission error

Road 1852 213 380 5 1045 303 3798 0.900
Bareland 83 5944 1904 0 948 158 9037 0.342
Cropland 15 808 100,909 0 11,875 452 114,059 0.115
Water 42 0 100 12,383 103 3 12,631 0.020
Woodland 148 804 6145 75 86,361 425 93,958 0.081
Building 106 141 957 0 1029 5656 7889 0.283
Sum (m2) 2246 7910 110,395 12,463 101,361 6997
Omission error 0.175 0.249 0.086 0.006 0.148 0.192

Overall accuracy = 88.29%, kappa coefficient = 0.810.

L. Ma et al. / ISPRS Journal of Photogrammetry and Remote Sensing 102 (2015) 14–27 25
training set ratio is required at a coarse scale. Obviously, this is
common sense. Using the number of objects as a measure of the
training set size for GEOBIA, the number of objects increases shar-
ply at a fine scale, which leads directly to the requirement for a
fairly large training set to represent the classes adequately, despite
the lower sampling ratio. By contrast, the number of objects
decreases sharply at a coarse scale for the same area and the train-
ing set is always too small to represent the classes adequately for
classification, despite the higher sampling ratio. In general, the
classification accuracy can be enhanced by increasing the training
set size for pixel-based methods or GEOBIA. However, GEOBIA is
more complex because of its unfixed segmentation scale; thus,
the effect of the training set size in GEOBIA needs to be analyzed
urgently, especially the effect of different combinations on the
scale.

In terms of feature analysis, the spectral features have obvious
advantages, although the textural and shape features should not
be ignored, but they also require more attention. There have been
many previous studies of textural measures (Laliberte and Rango,
2009; Kim et al., 2011; Duro et al., 2012; Laliberte et al., 2012)
but only three features were selected frequently for every scale
in our test, i.e., the GLCM homogeneity, GLCM ang. 2nd moment,
and GLCM mean. This indicates that most of the textures may be
notably correlated with the spectral measures. In summary, more
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measures provide more information for classification in GEOBIA,
but the spectra are still most important. According to Table 1, we
also recommend that the shape features of density, asymmetry,
and area should receive more attention, and the border index
needs to be considered at a coarse scale. During object-based anal-
ysis, it is time consuming to compute texture measures (Laliberte
and Rango, 2009); thus, we should try to control the number of
texture features when producing applications.

As discussed previously, we also found that the SSP values were
proportional to the average area of real-world objects of interest and
various categories corresponded to the different SSP values. Clearly,
the general sizes of real-world objects based on prior knowledge
(i.e., the size of cropland and buildings) can be used directly, instead
of the average size of interpretation categories, to determine the
optimal SSP value for each category. Multiscale classification is a
current developmental trend in the use of GEOBIA for processing
VHR remote sensing images (Kim et al., 2011; Kurtz et al., 2014).
There is no doubt that the optimal SSP for each category is useful
for multiscale classification, and most of these methods were
designed to identify one optimal segmentation rather an optimal
multi-scale set of segmentations (Johnson and Xie, 2013). However,
the optimal SSP values obtained using our method may cause a
problem in selecting a uniform scale when a single-scale classifica-
tion is employed. Nevertheless, we cautiously recommend that the
optimal SSP for a category, which considers the total large area, is a
practical scale parameter. For example, the optimal SSP values were
determined from cropland as a scale of 110 in area 1 and a scale of 80
in area 2, and the results were reliable (Tables 2 and 3), but without
the need for complicated multiscale classification.
5. Conclusions

Using area-based accuracy assessment methods, the main aim
of the present study was to assess the optimal SSP for GEOBIA, par-
ticularly for information extraction from VHR optical images
obtained by UAV, and to develop a semi-automatic method for
determining the optimized scale parameter. Our specific objectives
were to study the behavior of the classification accuracy with
changes in the size of the training dataset and the scale parameter
variables. We also investigated feature measures at multiple scales
in GEOBIA, where CFS was shown to be a useful algorithm for
selecting suitable feature measures to facilitate computation. The
results of this study provide new insights into the use of GEOBIA
for UAV optical imagery information extraction.

The accuracy of the classification produced using GEOBIA was
notably affected by changes in the training set ratio and the scale
parameter. When the SSP was fixed, the accuracy increased with
the training set ratio in the same manner as pixel-based classifica-
tion (Pal and Mather, 2003; Rodriguez-Galiano et al., 2012). This
was a predictable outcome, but there was a decline in the classifi-
cation performance of the multiscale model as the SSP value
increased, which was attributable to the production of hybrid
objects with the gradual increase in the size of the segmented
objects. The results also indicated that the increase in the OA
declined with a high training set ratio. Furthermore, we also found
that a training set with a smaller ratio was not appropriate for clas-
sification at a coarse scale; thus, a large training set ratio is neces-
sary to obtain reliable classification accuracy at a coarse scale,
whereas a lower ratio is suitable for obtaining the same level of
performance at a fine scale. For example, the same OA of 0.8681
was achieved at scales of 40 and 110 with the recommended train-
ing set ratios of 30% and 50%, respectively. It is worth to mention
that the large ratios (i.e., 50%) should be not recommended because
it is not appropriate in any practical use. The small ratios may be
recommended more in fine scales for the practical use.
In MRS-based GEOBIA, the results generally suggest that a smal-
ler scale yields a better OA given an adequate training set. Thus, the
classification accuracy is assumed to be better when the scale is
smaller. However, if the objects are segmented at a fine scale
(over-segmentation) and there are similarities among different real
objects, they are also difficult to identify even if sufficient training
samples are used. Thus, we focused on determining the appropri-
ate scale for generating segmented objects that represented real
objects. Objects have different sizes and various categories corre-
spond to different optimal SSP values; thus, the determination of
the optimal SSP is a pre-condition for hierarchical information
extraction (Kurtz et al., 2014). Our results showed that the average
size of the actual objects based on manual delineation was propor-
tional to the SSP values. Thus, we obtained an equation for deter-
mining the optimal SSP for specific UAV imagery based on the
actual objects acquired by manual delineation, where this equation
was always valid for specific imagery data. Furthermore, we devel-
oped a semi-automatic method for the direct determination of the
optimized scale parameter for various categories. This equation is
expected to be applicable to UAV image data analysis.

The present study differs from single information extraction
using UAV images (Laliberte and Rango, 2009; Lucieer et al.,
2014). UAV are viable platforms for land cover monitoring, espe-
cially in complex landscapes, where CFS and the RF classifier in
GEOBIA are suitable for classifying UAV imagery. Given the recent
increased use of high-resolution digital aerial cameras in piloted
aircraft, our results are also relevant to this area. In summary,
the results of the present study contribute to our understanding
of the applications of UAV remote sensing imagery and GEOBIA,
where both fields will remain innovative and vital for surface infor-
mation extraction for many years to come.

We also recognize that this study has potential limitations.
First, we used the RF parameters acquired by Rodriguez-Galiano
et al. (2012), which were tested based on pixels from Landsat The-
matic Mapper-5 data. A further test with GEOBIA should be per-
formed to enhance the RF model. Second, area-based methods
are different from point-based methods when assessing the accu-
racy in GEOBIA and further assessments are required. Meanwhile,
it should be emphasized that this study focused on UAV images,
which necessarily have a relatively small size. The findings of this
research therefore apply specifically to small images classified with
GEOBIA. Nevertheless, the findings may have implications for lar-
ger images, a subject which we will address in future research.
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