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Geographic  Object-Based  Image  Analysis  (GEOBIA)  is becoming  more  prevalent  in remote  sensing  classi-
fication,  especially  for  high-resolution  imagery.  Many  supervised  classification  approaches  are  applied  to
objects  rather  than  pixels,  and  several  studies  have been  conducted  to evaluate  the  performance  of  such
supervised  classification  techniques  in  GEOBIA.  However,  these  studies  did  not  systematically  investigate
all  relevant  factors  affecting  the classification  (segmentation  scale,  training  set  size,  feature  selection  and
mixed  objects).  In  this  study,  statistical  methods  and  visual  inspection  were  used  to  compare  these  fac-
tors  systematically  in  two agricultural  case  studies  in China.  The  results  indicate  that  Random  Forest  (RF)
and  Support  Vector  Machines  (SVM)  are  highly  suitable  for GEOBIA  classifications  in  agricultural  areas
and confirm  the expected  general  tendency,  namely  that the overall  accuracies  decline with  increasing
segmentation  scale.  All  other  investigated  methods  except  for RF and  SVM  are  more  prone to obtain
a  lower  accuracy  due  to  the broken  objects  at fine  scales.  In contrast  to  some  previous  studies,  the  RF
classifiers  yielded  the  best  results  and  the  k-nearest  neighbor  classifier  were  the  worst  results,  in  most
cases. Likewise,  the  RF and  Decision  Tree  classifiers  are  the  most  robust  with  or  without  feature  selec-

tion.  The  results  of training  sample  analyses  indicated  that  the RF  and  adaboost.  M1  possess  a superior
generalization  capability,  except  when  dealing  with  small  training  sample  sizes.  Furthermore,  the  clas-
sification  accuracies  were  directly  related  to the  homogeneity/heterogeneity  of  the  segmented  objects
for all  classifiers.  Finally,  it was  suggested  that RF  should  be  considered  in most  cases  for  agricultural
mapping.

©  2016  Elsevier  B.V.  All  rights  reserved.
. Introduction

Recent advances in the airborne and spaceborne remote sensing
echnology and image segmentation techniques offer new opportu-
ities for remote sensing agricultural mapping (Wulder and Coops,
014; Ma  et al., 2014; Zhang et al., 2015), whilst the OBIA/GEOBIA
(Geographic) Object-based Image Analysis) paradigm in the field of
emote sensing classification is already widely accepted (Liu et al.,
006; Blaschke et al., 2014). Plenty of classification approaches are
ocumented within the GEOBIA framework, especially the imple-

entation of expert rule-sets, which make use of the extremely

xtended feature space spanned by the use of the available
bject-specific features at several segmentation scales (context

∗ Corresponding author at: Jiangsu Provincial Key Laboratory of Geographic Infor-
ation Science and Technology, Nanjing University, 210023 Nanjing, China.

E-mail address: maleinju@gmail.com (L. Ma).

ttp://dx.doi.org/10.1016/j.jag.2016.01.011
303-2434/© 2016 Elsevier B.V. All rights reserved.
features/neighborhood relation, scaled-hierarchy relations, form
features etc.) (Benz et al., 2004; Blaschke, 2010; Tiede et al., 2010;
Strasser and Lang, 2015). Nevertheless, supervised classification
algorithms based on objects rather than pixels as classification units
are still very important. According to previous studies, the com-
parison of classification approaches within a GEOBIA framework
can be divided into two general topics: 1) a comparison of GEO-
BIA and traditional per-pixel image analysis; and 2) a comparison
of different classification techniques within GEOBIA only. Although
there is general agreement regarding the former (Yan et al., 2006;
Duro et al., 2012), the selection of a suitable classifier is still a prob-
lem for any per-pixel and GEOBIA method due to the diversity of
data sources, the training set size and feature and, especially, the
selection of segmentation parameters (e.g. scale/size of objects) and

spectrally mixed objects bringing some uncertainty into the com-
parison of methods (Yu et al., 2008). In the following sub-section we

dx.doi.org/10.1016/j.jag.2016.01.011
http://www.sciencedirect.com/science/journal/03032434
http://www.elsevier.com/locate/jag
http://crossmark.crossref.org/dialog/?doi=10.1016/j.jag.2016.01.011&domain=pdf
mailto:maleinju@gmail.com
dx.doi.org/10.1016/j.jag.2016.01.011
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ig. 1. Study sites. The segmented layers and the corresponding reference layers. (a
rea  1; (c) the segmented layer for area 2 at a scale of 100; and (d) the manual inter

onduct a brief literature review and succinctly identify the benefits
nd the main difficulties when comparing classification techniques.

Despite the expert rule-set classifications in GEOBIA,
esearchers already try using statistical and machine-learning
lassification techniques, including Linear Discriminant Analysis
LDA) (Pu and Landry, 2012), Random Forest (RF) (Stumpf and
erle, 2011), Decision Tree (DT) (Mallinis et al., 2008), K-Nearest
eighbor (KNN) (Luque et al., 2013), naiveBayes (Dronova et al.,
012), Support Vector Machines (SVM) (Heumann, 2011). Since
round 2010, the Adaboost technique, as another ensemble clas-
ifier, has received more attention in remote sensing classification
ue to the high accuracy (Chan and Paelinckx, 2008). So far, only

 few GEOBIA applications have used ensemble classifications
eyond RF. Thus, Adaboost as another example of ensemble
lassifier was used with GEOBIA other than RF.

In per-pixel analysis, the classification accuracy is usually
ccredited to the classification technique (Rogan et al., 2008). Chan
nd Paelinckx (2008) also evaluated Random Forest and Adaboost
ree-based ensemble classifications using airborne hyperspec-
ral imagery and yielded almost the same accuracy results as
stablished per-pixel classifiers. Brenning (2009) compared eleven
lassification algorithms in automatic rock glacier detection using
errain analysis and multispectral remote sensing, and found that

apping results of PLDA (Penalized Linear Discriminant Analysis)

re significantly better than all other classifiers, including both
VM and RF. For the purpose of land-cover classification, Shao and
unetta (2012) compared the support vector machine, neural net-
ork, and CART (classification and Regression Trees) algorithms
segmented layer for area 1 at a scale of 100; (b) the manual interpretation layer for
tion layer for area 2.

using Moderate Resolution Imaging Spectroradiometer time-series
data, and found that SVM was the superior algorithm. Xu et al.
(2014) compared seven classification techniques for marine oil
spill identification using RADARSAT-1 imagery and showed that
the classification was able to benefit from ensemble techniques
(bundling and bagging). These few examples demonstrate the
importance of selecting optimal classifiers for remote sensing clas-
sification or prediction.

We  hypothesize that for GEOBIA it is not sufficient to analyze
the choice of the classifier only, because the resulting accuracies
also depend on the segmentation scale, on the selection of features,
and on the existence of spectrally mixed objects (Ma  et al., 2015).
It therefore seems to be impossible to generically advise on the
selection of a specific classification technique for a specific appli-
cation case. For instance, Laliberte et al. (2006) and Mallinis et al.
(2008) found that the overall classification accuracies of the classi-
fication tree was  better than that of the K-NN algorithm. In contrast,
Tehrany et al. (2014) suggested that K-NN generally performed bet-
ter for land-cover mapping, while they compared with DT and SVM
using SPOT 5 imagery. In addition, previous researches (Duro et al.,
2012; Ghosh and Joshi, 2014) demonstrated a superior capabil-
ity of producing higher classification accuracies by SVM or RF, but
Dronova et al. (2012) concluded that RF always performed worse,
while they examined six families of statistical machine-learning

classifiers. We  assumed that these inconsistent results are related
to the unsystematic studies of comparison, while, as mentioned
before, the vast majority of comparisons analyzed only a single
factor (i.e., scale) or relatively few classification algorithms.
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The objectives of this study are to implement a comprehen-
ive comparison of classification performances in GEOBIA using a
ariety of statistical and machine-learning classification methods,
nd to generate robust results using advanced statistical evalua-
ion methods, and then to determine the most suitable classifier
or agricultural mapping in different cases using UAV (Unmanned
erial Vehicle) high spatial resolution imagery. According to the
arlier studies, many factors, including scales, features, samples
nd mixed objects, notably influence the classification performance
Ma  et al., 2015). In the first part of this article, we conducted a visual
ssessment and multiple comparisons of the repeated classification
easures using a variety of scale groups. Then, we  assessed the

mplications of additional feature selection techniques for each of
he selected classification algorithms. Moreover, since we  hypothe-
ize that the sizes of the training samples strongly affect the remote
ensing classification results, we additionally conducted experi-
ents for each classifier by changing the training samples sizes
hile employing the same statistical assessment methods. Finally,

n assessment of “mixed objects” – spectrally mixed objects cre-
ted through under-segmentation – was performed to contribute
o uncertainty research in GEOBIA. Recommendations of the most
uitable algorithms were made for different cases using high spatial
esolution earth observation imagery.

. Methods

.1. Data set and preprocessing

The data used for training and assessing the classifiers stems
rom a project on high resolution imagery collection in Deyang city
Ma  et al., 2013) situated in the hilly northeast area of the Chengdu
lain in Sichuan Province, China. The images, including three visi-
le bands (blue, green and red) with a 0.2 m spatial resolution, were
cquired with an unmanned aerial vehicle at a height of 750 m in
ugust 2011. Subsequently, the digital orthophoto map  (DOM), as

 500 × 500 m standard map  sheet, was produced by digital pho-
ogrammetry software using the collected control points (Ma  et al.,
013). Both standard map  sheets were then used to examine the
ffects of segmentation scale, training set size, feature selection,
nd mixed objects on each classification technique.

Due to the very high spatial resolution, the classified images
ere also used as a reference image to delineate sample units (poly-

ons) for several species/groups. The reference vector layers (Fig. 1)
ere produced by manual interpretation of both areas, and was

repared for sampling and validation. Study area 1 comprised a
ariety of land cover types, but consisted mainly of cropland (38%)
ith paddy fields and dry land. The remainder of study area 1 was

haracterized by the presence of woodland (43%), buildings (6%),
are land (5%), and roads (2%). Study area 2 comprised cropland
45%), woodland (37%), buildings (4%), bare land (4%), roads (1%),
nd water (5%).

.2. Segmentation and sampling

Based on the generated DOM data, a series of segmented
atches with 19 different segmentation scales were generated
sing the multi-resolution segmentation algorithm (Baatz and
chaepe, 2000) as implemented in the eCognition software pack-
ge (Trimble Geospatial), starting with a scale of 20 and ending
ith 200 at an interval of 10. A bottom-up region merging tech-

ique was used in eCognition from one-pixel objects, and then

maller image objects were merged into larger ones. The weights
f color/shape and smoothness/compactness were the same at all
cales. The color/shape parameters were set to 0.9/0.1, respectively,
ecause we wanted the spectral information to have the dominant
ervation and Geoinformation 49 (2016) 87–98 89

role during segmentation. The smoothness/compactness ratio was
set to 0.5/0.5 because we did not want to favor compact or non-
compact segments. The weights of the different image layers were
equal for all three bands to avoid any bias. Following the segmenta-
tion, we exported the segmented objects of each scale together with
the values for 30 features (including spectral, texture and shape)
in order to apply the various classification methods in different
software packages.

In order to implement stratified random sampling (Congalton
and Green, 2009), we first labelled all segmented objects using a
GIS overlay ratio rule between the segmented objects and reference
polygons. When studying the effect of the scale, feature selection
and training set size, the segmented object was defined as the class
covering more than 50% of the reference polygon. Subsequently, all
segmented objects were divide into groups (5 groups for area 1 and
6 groups for area 2 according to the classes of manual interpreta-
tion map  in Fig. 1b and d) and then each stratum was  randomly
sampled with the same training set ratio (proportion of the seg-
mented objects used for training in a certain segmented layer). In
this study, a training set ratio of 30% sampling, which proved to be
useful for multi-scale (scale < 200) comparisons (Ma et al., 2015),
was used to evaluate the influence of scale and feature selection
on each classifier. Then, the reference polygons were used as ref-
erence set to validate all re-labelled objects by each classifier. For
the assessment of the training set size, we  utilized the number of
training objects instead of the ratio, for which the scale was fixed
at 80, approximating an optimal segmentation scale according our
previous works (Ma  et al., 2015). Finally, with a training set ratio of
30% sampling, the effect of mixed objects to classifiers was investi-
gated by changing the overlay ratio, i.e., using overlay ratios of 0.7
and 0.9 in addition to the standard ratio of 0.5. Although the train-
ing sets used in later analyses varied, the same testing set was used
in the evaluation of all classifications. This testing set comprised all
re-labelled objects of each class.

2.3. Correlation-based feature selection

Previous studies found that most of the large number of fea-
tures in GEOBIA were strongly correlated (Ma  et al., 2015). To
obtain the optimal feature subset, correlation-based feature selec-
tion (CFS) was used to measure the quality of a subset of features.
This was achieved by aggregating the best-first search strategy
based on the results of the feature importance evaluation (Hall and
Holmes, 2003). As mentioned above, we  performed CFS on all of the
calculated features before each classification, including many spec-
tral measures: mean blue, mean green, mean red, max  difference,
standard deviation blue, standard deviation green, standard devia-
tion red, and brightness; the texture measures: GLCM (Gray-Level
Co-occurrence Matrix) homogeneity, GLCM contrast, GLCM dissim-
ilarity, 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 shape measures: area, compactness, density, roundness, main
direction, rectangular fit, elliptic fit, asymmetry, border index, and
shape index. Hierarchical features and class-related features (fea-
tures that are only applicable after initial classifications) were not
taken into consideration in accordance with the test design imple-
mented in this study.

2.4. Classifiers

2.4.1. Support vector machines

A SVM is a non-parametric supervised learning classifier which

has become increasingly popular in remote sensing applications
(Otukei and Blaschke, 2010). To facilitate the SVM algorithm, our
study employed the R package ‘e1071’, which was implemented in
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Fig. 2. Overall accuracy with different scales for Area 1 shown for the best five classifiers. For each scale, ten independent stratified random samples were implemented,
a  ten O
s  using
r

t
f
w

nd  the statistics (mean, median, standard deviation, minimum, and maximum) of
elected features while blue lines indicate the fitted spline line of means classified
eader  is referred to the web version of this article.)
he LIBSVM library by Chang and Lin (2011) and provides four dif-
erent kernels. Following the recommendation of Hsu et al. (2010),

e adopted the radial basis function (RBF) kernel in this study.
As were shown. Red lines represent the fitted spline line of means classified using
 all features.(For interpretation of the references to color in this figure legend, the
For the RBF kernel, two parameters need to be acquired before-
hand, including the penalty parameter C and the kernel parameter
�. In order to find the best values for these parameters, the grid-
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Fig. 3. Overall accuracy for Area 2 using the best five

earch method was used to identify the pair (C, �) that achieved the
est cross-validation accuracy for the training and validation sets.
 coarse grid, which is a two dimensional parameter space along
d, where d = −4, −3.5, −3, . . .,  1 for � and d = −4, −1.5, −1, . . .,  4 for
, was used to avoid a complete grid-search.
fiers with different scales. For explanation see Fig. 2.

2.4.2. Random Forest
Since the RF classifier was proposed (Breiman, 2001), it has been
improved continuously in the field of remote sensing image infor-
mation extraction, where it has been shown to be a robust classifier
(Chan and Paelinckx, 2008). The RF employs a random method to
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Fig. 4. Scatterplot of overall accuracy against overlay ratio for each classifier in Area 1. Adjusted lines from linear regression analyses are shown for each classifier.
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Fig. 5. Scatterplot of overall accuracy against overlay ratio for each classifier in

stablish a forest comprising many mutually independent decision
rees. After obtaining the forest using the training set, we  let each
ecision tree in the forest make a judgment about the unlabeled
ample before the unlabeled sample was predicted as the category
hat was voted for most frequently. The RF classifier only requires

he definition of two parameters to generate a prediction model:
he number of classification trees desired (k) and the number of
rediction variables (n) used in each node to make the tree grow.
2. Adjusted lines from linear regression analyses are shown for each classifier.

When considering the parameter set to be used for a remote sens-
ing classification with 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 correlation between trees. Based on

their research results, our RF model used large RFs with 479 trees
to avoid the over-fitting problem and one single randomly split
variable (feature) for UAV optical imagery classification. The over-
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ll classification procedure was performed automatically using the
ackage ‘RandomForest’ in R. Bagging techniques are not discussed
ere due to the fact that the RF classifier is implemented in this
tudy.

.4.3. K-Nearest Neighbor
In general, the KNN has been used in many GEOBIA workflows

Luque et al., 2013) due to its simplicity and flexibility. Since the
NN is the most frequently used classification method in the widely
sed OBIA software framework eCognition (Trimble Geospatial), it

s necessary to include it in this comparison. In contrast to model-
ased learning, the KNN assigns the object to the class based on
earest neighbors in the feature space rather than learning from a
odel. To predict a new object, the closest K neighbors are found

rom the training set and then used to vote for the final prediction.
 is a tunable parameter and a typically small (i.e., 1, 2, . . .)  positive

nteger. In this study, we used an optimal K parameter based on
ross-validation, and bootstrap samples are employed to search the
est K value in the R package ‘e1071’, where K can range from 1 to
0 in steps of 1. The best K was then applied to the KNN algorithm,
hich was implemented in the R package ‘class’.

.4.4. Decision tree
The use of decision trees for remote sensing image classifica-

ion has increased in recent years (Peña-Barragán et al., 2011). For
EOBIA, the most important phase is the construction of an image

nterpretation model (knowledge) for the segmented objects. How-
ver, it may  be difficult to execute in combination with other
lassifiers, considered to be a “black box”, while DTs are like a
white box”: users are easily able to interpret the links between
he response variables of classes and the explanatory variables
f remote sensing data. Consequently, researchers are particu-

arly interested in classification trees within GEOBIA workflows
Laliberte and Rango, 2009). In this study, a tree is grown by binary
ecursive partitioning using the response in the specified formula
nd choosing splits from the terms of the right-hand-side. The split
hich maximizes the reduction in impurity is chosen, the data set

s then split and the process repeated. Splitting continues until the
erminal nodes are too small or too few to be split. Here, the tree
rowth is limited to a depth of 31, and the package ‘tree’ in R is
mployed to classify our data.

.4.5. Adaboost.M1
In addition to bagging, boosting is another popular method for

nsembles of trees (Alfaro et al., 2013). Adaboost is the popular
pproach used for boosting, and has recently been in imple-
ented the study of remote sensing image classification (Chan

nd Paelinckx, 2008). Adaboost can process data with weights, and
he misclassification rate for each trial is used to update the dis-
ribution over the training samples. The weights of misclassified
amples are increased, while the weights of the rightly classified
amples are decreased by controlling the misclassification rate and
orcing the classifier to focus on the hardest samples in the next
teration (Alfaro et al., 2013). Finally, the voting for the labels is

eighted by the accuracy of each classifier. In this work, the R
ackage ‘adabag’ was used to implement Freund and Schapire’s
daboost.M1 (Freund and Schapire, 1996) algorithm using classifi-
ation trees as individual classifiers. Here, the constant factor alpha
s a learning rate was calculated using a function of the error and
eights recommended by Freund and Schapire (1996), and then a
ootstrap sample of the training set was drawn using the weights
or each trial on that iteration. Both the number of iterations and
he number of trees were set to 100, which is the default in both
ases.
ervation and Geoinformation 49 (2016) 87–98 93

2.4.6. naiveBayes
Bayes Network is a powerful probabilistic representation and

reasoning tool when dealing with conditions of uncertainty
(Ouyang et al., 2006). It has also been widely used as a strategy
or single classifier for remote sensing classifications owing to its
highly scalable and incremental learning (Yang and Wang, 2012).
Recent comparative research has also focused on this classification
algorithm in GEOBIA (Dronova et al., 2012). From a probabilistic
viewpoint, if X indicates the feature of an object and Y represents
the type of classes, the predictive problem can be viewed as a
conditional probability estimation, trying to find Y where P(Y | X)
is maximized (P(Y | X) = P(X | Y) × P(Y)/P(X)). This is equivalent to
finding Y where P(X | Y) × P(Y) is maximized. The standard naive
Bayes classifier assumes independence of the predictor variables,
at least within this study. The problem is to find Y to maximize
n
�
i=1

P
(
Xi
Y

)
× P(Y). Here, we  implement the classifier using the func-

tion with default parameters in the R package ‘e1071’.

2.4.7. Penalized Linear Discriminant Analysis
Since Penalized Linear Discriminant Analysis (PLDA) has been

proven to be capable of processing data with a large number of
highly correlated variables, it has been widely used in hyperspec-
tral remote sensing images classification (Yu et al., 1999), but also
for other purposes such as, for example, forest biomass estimation
(Fassnacht et al., 2014). Furthermore, various features calculated for
each object are similar to the hyperspectral data, especially for the
high spatial resolution images with more spectra (i.e., Worldview
3), and hence we  also examined the PLDA to label the objects with
correlated co-variables. PLDA is a general approach for penalizing
the discriminant vectors in Fisher’s discriminant problem in such
a way as to increase interpretability (Witten and Tibshirani, 2011).
In this study, PLDA was  implemented in the R package ‘penal-
izedLDA’. The lasso penalty tuning parameter lambda = 0.14 was
used by default, and the number of discriminant vectors was equal
to the number of classes minus 1, since it must be no greater than
the number (classes —1) and we do not want to lose important
information.

2.5. Accuracy assessment and statistical comparison

There are many ways to determine accuracy. In general, the
overall accuracy has widely been recommended as the primary
accuracy measure (Congalton and Green, 2009), which summa-
rizes the percentage of correct classification by confusion matrix.
We therefore employed the overall accuracy as the main mea-
sure of comparison. For this study, we divided the area sum of the
major diagonal in confusion matrix by the total area of all objects
involved in classification to calculate the overall accuracy. It is a
single summary measure directly related to commission and omis-
sion accuracies of every class derived from the confusion matrix.
Additionally, due to the uncertainty of segmented objects, the area-
based (polygon-based) accuracy assessment method for the overall
accuracy is selected to calculate the confusion matrix (Whiteside
et al., 2014).

In order to select several suitable tests and measures, we  first
reviewed the current practice for statistical comparison of remote
sensing classification accuracy. In practice, the McNemar test has
widely been used to assess whether significant differences between
classification accuracies exist (Foody et al., 2006), but it must follow
a chi-square distribution or one following approximately a nor-
mal  distribution. Since the area-based accuracy assessment method

used in this study is time-consuming in calculating each indi-
vidual accuracy, we could not repeat the classification too many
times, especially for fine scales. Consequently, the samples were
not large enough to perform a statistical analysis with parametric



9 th Observation and Geoinformation 49 (2016) 87–98

a
p
s
(

m
d
t
r
t
a
i
t
f
c
q
o

3

3

3

fi
c
o
d
c
m
1
r
f
s
t
I
s
s
q
t
c
i
t
a
r
n
m

w
t
t
t
t
c
m
b
i
n
s
p

3

p
c

Table 1
Test statistics (q) for the Nemenyi post-hoc tests between classifiers for four scale
groups.

RF SVM Adaboost.M1 naiveBayes

Area1 SVM 3.29*
5.30
3.93*
3.60*

Adaboost.M1 5.49 2.20*
1.57* 3.73*
0.00* 3.93*
0.07* 3.54*

naiveBayes 10.03 6.73 4.54
13.88 8.58 12.31
11.59 7.66 11.59
8.58 4.98 8.51

DT 12.52 9.22 7.03 2.49*
11.65 6.35 10.08 2.23*
9.49 5.56 9.49 2.09*
9.30 5.70 9.23 0.72*

Area2 SVM 4.14*
7.22
8.33
9.26

Adaboost.M1 8.64 4.50
2.22* 5.00
0.79* 7.55
1.76* 7.50

naiveBayes 15.37 11.23 6.73
17.13 9.91 14.91
14.58 6.25 13.79
12.45 3.19* 10.69

DT 15.47 11.33 6.83 0.10*
14.54 7.31 12.31 2.59*
13.79 5.46 13.01 0.79*
13.47 4.21 11.71 1.02*
4 M.  Li et al. / International Journal of Applied Ear

ssumptions. In such cases, it has been recommended to use non-
arametric test methods without assumptions to assess whether
tatistically significant differences between classifications exists
Brenning, 2009).

In this study, we first employed the Kruskal-Wallis test, which
ade no assumptions, to ascertain whether there were any

ifferences between different scale groups for each classifier. Fur-
hermore, in order to compare the performance of classifiers in
espect to scale and training set size, and taking into account that
he Friedman test indicates significance globally, the post-hoc test
ccording to Nemenyi was employed to conduct multiple compar-
sons on all pairs of classifiers (Demšar, 2006). In addition, Friedman
ests were conducted to compare the differences with and without
eature selection. Finally, we increased the times of the repeated
lassification at scale 80 to collect more accuracy samples. Subse-
uently, ANCOVA was employed to estimate the interaction effect
f the overlay ratio and classifier.

. Results

.1. Responses of classifiers to segmentation scale

.1.1. Visual assessment
Figs. 2 and 3 reveal different patterns of accuracy changes from

ner to coarser segmentation scales for individual classifiers. In
ontrast, Dronova et al. (2012) reported that the magnitudes of the
verall accuracy values and change were relatively similar among
ifferent classifiers for GEOBIA. In order to analyze the response of
lassifiers to the segmentation scale, the statistics, including means,
edians, standard deviations, minimums, and maximums, of the

0 overall accuracies from the ten training datasets of stratified
andom sampling (using stable training set ratio of 30% sampling)
or each scale were displayed. For these two areas, SVM and RF
how consistent trends along with increasing segmentation scale,
hat overall accuracies decrease and standard deviations increase.
n order to compare the differences between scales for each clas-
ifier, we also implemented the Kruskal-Wallis test for different
cale groups (i.e., (20, 30), (20, 30, 40), . . .,  (20, 30, . . .,  200)). Conse-
uently, for the RF and SVM classifiers, the Kruskal-Wallis test on
he null hypothesis, stating that the performances between scales
annot be distinguished in Area 1, was accepted at the 5% signif-
cance level (p-value: <0.001) until the scale 110 was  involved in
his test. In area 2, the same effect occurred at scale 80 for the SVM,
nd at scale 60 for the RF. In other words, the classification accu-
acy stabilized at finer scales with SVM and RF classifiers, but it did
ot stabilize at coarse scales. These differences from statistical tests
ay  be used further to detect optimal segmentation scales.

The performance of naiveBayes and DT were also associated
ith increasing segementation scales. In contrast to SVM and RF,

he higher the scale parameter for naiveBayes and DT, the better
he achieved accuracy. The direction that maximizes the segmenta-
ion scales should be favoured for the naiveBayes and DT classifier,
hough they were influenced slightly by the mixed objects at
oarser scales. Adaboost.M1 outperformed the DT classifier, which
ay  be a typical advantage of an ensemble classifier. Notably, for

oth study areas adaboost.M1 performed worse in fine scales when
t was not expected because of the similar ensemble learning tech-
ique with RF, but showed decreasing standard deviations for finer
cales. KNN and PLDA were not shown here because of their worst
erformances.
.1.2. Multiple comparisons between classifiers
We conducted multiple statistical comparisons to evaluate the

erformances of the best five classifiers studied. To facilitate the
omparisons at different scale levels, we divided the scales into
The symbol “*” indicates that the difference is not statistically significant, because
the values are below the critical value of 4.17 (  ̨ = 0.05, ∞ degree of freedom).

four groups, namely group 1 (20 ∼ 50), group 2 (60 ∼ 100), group
3 (110 ∼ 150), and group 4 (160 ∼ 200). As the Friedman test indi-
cates significance globally (p < 0.001) for each group, we  continued
to conduct multiple comparisons in order to identify differences
between the classifiers. According to the Nemenyi post-hoc test
for multiple joint samples of overall accuracy, test statistics (q) for
each comparison were calculated as shown in Table 1 (KNN and
PLDA not shown here). Here, the critical test statistics were iden-
tified to be 4.17 (  ̨ = 0.05, ∞ degrees of freedom). For medium and
coarse scale groups, the null hypothesis, stating that there is no
significant performance difference between RF and Adaboost.M1,
was accepted (q < 4.17). DT and naiveBayes also showed no sig-
nificant performance difference for all scale groups in both areas.
Consequently, we can conclude the single cliques of two  algorithms
(RF and Adaboost.M1, DT and naiveBayes) and a group with one
algorithm only (SVM). More specifically, based on the compara-
tive rank scores of the classifiers (Table 1), the results also indicate
that RF is significantly better than all other classifiers except for
Adaboost.M1. When ranking the classifiers, RF is first; SVM per-
forms significantly better than DT and naiveBayes.

3.2. Comparisons between selected and all features

The Friedman test was also conducted to test whether there was
a significant difference in the classification accuracy of repeated
measurements between models with and without certain features
selected for each scale group (scale 20, 30, 40 and 50 in one group,

and every five scales in another group, to provide more samples for
each Friedman test). For most of the scale groups, there was a sig-
nificant difference in the accuracy indices of adaboost.M1 between
having selected features and all features (p < 0.01), while these dif-



M. Li et al. / International Journal of Applied Earth Observation and Geoinformation 49 (2016) 87–98 95

Table  2
p-values from the Friedman test for each scale group using CFS features and using
all features.

Group 1 2 3 4

Scale 20 ∼ 50 60 ∼ 100 110 ∼ 150 160 ∼ 200

Area1 SVM 0** 0** 0.0237 0.7773
RF  0.0578 0.0477 1 0.1573
naiveBayes 0** 0** 0** 0**

DT 0.0578 0.5716 0.7773 0.3961
adaboost.M1 0** 0** 0.0007** 0.0047*

Area2 SVM 1 0.5716 0.2579 0.7773
RF  0.0114 0.0237 0.3961 0.0237
naiveBayes 0.0008** 0.0278 0.6892 0.5485
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Table 3
The test statistics (q) for each comprison from the post-hoc test according to Nemenyi
between classifiers for three training sample size groups.

RF Adaboost.M1 SVM DT

Area1 Adaboost.M1 0.54*
1.20*
1.62*

SVM 0.68* 1.21*
9.27 8.06
8.68 7.06

DT 2.5* 3.04* 1.82*
13.85 12.65 4.59
18.98 17.36 10.30

naiveBayes 5.34 5.88 4.66 2.84*
15.10 13.90 5.84 1.25*
23.42 21.80 14.74 4.44

Area2 Adaboost.M1 0.80*
0.94*
1.12*

SVM 2.72* 3.52*
7.22 6.28
8.83 7.72

DT 1.35* 2.15* 1.37*
16.53 15.59 9.31
19.79 18.67 10.96

naiveBayes 2.53* 3.33* 0.19* 1.18*
14.21 13.27 6.99 2.32*
19.13 18.01 10.30 0.66*
DT  0.8231 0.1615 0.3173 0.8415
adaboost.M1 0.0005** 0.0019* 0.0109 0.0019*

erences were not statistically significant for DT and RF classifiers
t p = 0.01 for both areas (Table 2). For the SVM, the results also
evealed that the accuracy using all features was significantly better
han when using selected features at fine scales for Area 1 (p < 0.01),
hile there was no significant difference at p = 0.01 for area 2. In

ddition, naiveBayes with selected features always significantly
p < 0.01) improved the accuracy for Area 1, while this also occurred
t scale group 1 for area 2. Therefore, it was suggested that RF and
T were most robust classifiers with or without feature selection,
hile the other classifiers were affected more or less due to feature

election or the redundant data with all features.

.3. The effect of training sample size on classification accuracy

To assess the impact of the training set size on each classifier,
e fixed the scale parameter at 80, which was assumed to be the

ptimal scale according to the previous analysis. Firstly, the clas-
ifier sensitivity to different training sample sizes was evaluated
fter various numbers of training samples were determined (20, 40,
0, 80, 100, 200, 300, 400, 500, 600, 700 and 800) instead of ratio
f training samples. For each set of training sample sizes, objects
or every sample size were randomly selected as the same ratio
rom each class samples, while at least one object was  forced to
e included from each land cover class. The results for both areas
emonstrated that there is a positive relationship between the size
f the training set and the classification accuracy for all tested clas-
ifiers (here the results not shown), that this is not surprising and
n accordance with earlier findings (Ma  et al., 2015).

To further investigate the performance of the classifiers on dif-
erent sample sizes, the sample sizes were considered as three
roups: a small sample size group (20, 40, 60 and 80), a medium
ample size group (100, 200, 300 and 400) and a large sample size
roup (500, 600, 700 and 800). For each sample size group, we
mplemented multiple comparisons using the Nemenyi post-hoc
est. There are no significant performance differences between the
lgorithms RF, adaboost.M1, SVM and DT in the small sample size
roup of both area 1 and 2 (Table 3). There is always statistically sig-
ificant evidence at  ̨ = 0.05 to indicate that there is no statistically
ignificant difference between RF and Adaboost.M1 for all sample
izes in both areas. In addition, the comparative rank scores of clas-
ifiers for the medium sample size group and the large sample size
roup also show that RF achieved significantly better performance
han the other classifiers except for the Adaboost.M1.

.4. The effect of homogeneous and heterogeneous objects
A last experiment was performed to test the effect of the covari-
te (overlay ratio), which represented the proportion of segmented
bjects containing a specific reference object, and the class of the
ampling object was determined using the class of the dominant
The symbol “*” indicates that the difference is not statistically significant, while the
values are below the critical value of 4.17 (  ̨ = 0.05, ∞ degree of freedom).

overlay ratio. We  repeated twenty classifications at scale 80 using
overlay ratios of 0.5, 0.7 and 0.9 for both test sites, and the seg-
mented object was defined as the class covering more than 50%,
70% and 90% of the reference polygon respectively for three over-
lay ratios. The ANCOVA was  employed to quantify the relationships
between the overlay ratios (the covariate) and OAs. Regarding both
sites, Figs. 4 and 5 show scatterplots and adjusted regression lines
displaying the relationship between the overlay ratio and OA for
each of the seven classifiers (different colors and symbols). The
results indicate that the relationships of overlay ratios and OAs
among classifiers have no significantly difference (p = 0.08708 and
0.1717 for both areas, respectively). In the other words, the slopes
of the lines for each classifier are very similar. Figs. 4 and 5 clearly
indicate that there was a positive relationship between the overlay
ratio and OA for all of the classifiers, because the decreased mixed
objects with the increased overlay ratio are able to improve the
accuracy. In addition, RF and Adaboost.M1 achieved almost identi-
cal regression lines, followed by SVM, DT and naiveBayes. It should
be noted that these results were obtained at scale 80 and do not
provide a complete picture of the overall performance of all clas-
sifiers used, but the results clearly show the effects of the mixed
objects are serious for OBIA, since more mixed objects with low
overlay ratio lead to smaller accuracy.

4. Discussion

In GEOBIA, the selection of specific parameters influencing the
classification of objects (segmentation, segmentation scale/object
size, training set size, sample scheme, the extended feature space
etc.), supervised classification and the selection of adequate classi-
fiers for GEOBIA still constitute a challenge. Our  literature review
also showed a large diversity of methods used to label objects from
segmentation layers without a clear agreement on what methods
perform the best. This study aimed to comprehensively investigate

the performance differences of advanced classification techniques
in agricultural environments. We  therefore tested the sensitivity
to scale (repeated 10 times for each scale) and training set size
(repeated 20 times for each size at scale 80) for two  case stud-
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es, and analyzed the effect of features and mixed objects on the
verall classification accuracy of seven classifiers. We  also stress
hat our results are based on high resolution UAV images covered

ost of cropland. Further studies could also determine whether
ur findings are altered using other resolution images, such as
edium or low resolution remote sensing images. In addition, the
ell-designed study framework could have well transferability of

xploring the uncertainty of object-based classification on other
tudy sites or data sets by ensuring enough times of repeated clas-
ification. PLDA and KNN were not discussed further due to the lack
f competitive performance.

.1. Comparison of classifiers

In general, our studies indicated that the ensemble classifiers
ielded significantly better results than the other classification
echniques considered. This is in line with earlier findings for per-
ixel studies (Chan and Paelinckx, 2008). We  attribute this to the
chemes of combination (bagging or boosting) for the single classi-
ers. We  also agree that the performance of Adaboost.M1 is slightly
etter than the RF classifier (Alfaro et al., 2013), while no sta-
istically significant differences (q < 4.17) were observed for scale
roups 2 to 4 (see Table 1) between these two classifiers. Never-
heless, Adaboost.M1 performed worse than RF at a fine scale, and
his can be attributed to the stability of RF with a large number
f trees compared to Adaboost.M1 (Chan and Paelinckx, 2008). On
he one hand, the increased objects are able to contribute more
lassification information for RF with a subsampling algorithm; on
he other hand, the increasing objects, which generate increasingly
imilar features due to the similar spectra and small area, were
ore difficult to distinguish, since Adaboost.M1 always increased
eights of misclassified samples, which would likely reduce the

lassified samples with distinct features. Furthermore, this is also
hy the accuracy of classification with feature selection was  better

han one without feature selection for Adaboost.M1, especially at a
ne scale.

Although RF significantly outperformed SVM at all scales,
here were apparently consistent trends of the overall accuracies
ecreasing with the segmentation scale for both classifiers; the
etric’s variances were increasingly larger and the metric’s mean

alues were ever smaller with a decrease in scale. This is also in
greement with the assumption that mixed objects lead to a nat-
ral error of classification due to under-segmentation (Ma et al.,
015). SVM and RF were strongly capable of overcoming the effect
f the broken objects at a fine scale compared to the other classi-
ers considered, where more segments with similar features were
enerated. In addition, our results indicate that the performance of
VM was consistently better compared to those obtained from the
ther single classifier, for example the DT and naiveBayes, and this
as also in accordance with earlier findings (Duro et al., 2012). It

an therefore be expected that SVM and RF should frequently be
mployed for fine scales due to their stable performance in regard
o the scale.

The trend of the overall accuracy of DT changing along with the
cale parameter in this study is in agreement with the findings of
aliberte and Rango (2009), further proving that DT is a very stable
lassification method for different segmentation scales in GEOBIA.
ur results also indicate that DT cannot overcome the effect of

he broken objects at a fine scale as indicated by the fact that the
lassification tree at a fine scale yielded worse results than those
roduced at a medium or coarse scale. Nonetheless, DT was more

requently used for lots of research (Mallinis et al., 2008; Peña-

arragán et al., 2011), and acceptable performance was  reported.
e assume that this is related to the estimation of the segmented

cale parameter using expert based trial and error or automated
statistical) methods (i.e., ESP (Drăguţ et al., 2014)) to find the best
ervation and Geoinformation 49 (2016) 87–98

suited scales for the classification. Due to the observed trend of DT
performing significantly worse than the SVM at all scales coupled
with the continuous improvement of the accuracy gap in terms of
the scores between DT and SVM with increasing scale can be inter-
preted as evidence of DT’s stability at an optimal (e.g. medium)
scale. We  therefore conclude that the DT classification performance
is predisposed to be approximately close to that of the SVM at the
‘optimal’segmentation scale. Additionally, we  also encourage the
use of DT due to its good interpretability, although the results must
be regarded with some caution.

Ideally, a good classifier for GEOBIA should: 1) follow the trend of
the overall accuracy gradually declining with increasing scale; and
2) perform significantly better than other classifiers for all scales
used. The hypothesis behind this is that with increased scale the
accuracy metrics essentially decrease irrespective of which clas-
sifier is used and so called “mixed objects” appear. These mixed
objects are basically results of under-segmentation and they are
more likely to occur at coarser scales. The results (Fig. 2a and b,
Fig. 3a and b) demonstrated the potential of the SVM and RF algo-
rithms to overcome the effect of the broken objects at finer scales
and confirm the hypothesis that the overall accuracies decline
with increasing scale along with increasing instances of under-
segmentation. Although SVM and RF performed better than other
classifiers at fine scales, we need to point to a difficult discussion
in GEOBIA concerning the fact that accuracy metrics would ulti-
mately decline at the finest scales close to pixel level (Ma  et al.,
2015). Therefore, when referring to a “fine scale” this should still be
distinctly coarser than the pixel level – otherwise GEOBIA methods
do not make much sense (see discussion in Blaschke et al. (2014)).

4.2. Differences between selected and all features

Most studies in literature claim that classifications were able to
benefit from feature selection (Van Coillie et al., 2007). In contrast
to previous studies, our results highlight that a robust classifi-
cation technique has to be capable of overcoming the difficulty
of a significant difference in the accuracy measures occurring in
the classifier between selected features and all features. Neverthe-
less, the results revealed that some classifiers showed significant
accuracy differences for the general cases with or without fea-
ture selection, namely naiveBayes and adaboost.M1. In most cases,
naiveBayes significantly benefited from feature selection, while
adaboost.M1 was negatively affected: in these cases the classifi-
cation error increased along with a decreasing numbers of features
used. We assume that adaboost.M1 generally benefits from larger
numbers of features due to the weighted samples. Consequently, no
feature selection is suggested for adaboost.M1, while it seems to be
necessary for naiveBayes. Finally, it should be noted that in general
DT and RF were the most robust classification techniques with or
without feature selection, since no significant differences between
selected and all features were observed for these two classifiers,
followed by SVM, which slightly benefits from feature selection.

4.3. Sensitivity analysis to training set size

Since training samples are in most cases costly and therefore a
limitation factor, we analyzed the sensitivity to the respective train-
ing set size using absolute numbers of sampled objects instead of
the sample ratio (Ma  et al., 2015). Concerning the Nemenyi post-hoc
test results, there is no significant difference between the classifiers
for limited training samples. For limited training samples, RF’s accu-
racy metrics fluctuated with higher variance and changed rapidly

along with increasing sample sizes for both areas. We  assumed that
this is related to lack of training data to lead to the over-fitting prob-
lem (Verikas et al., 2011). It can be concluded that RF is sensitive to
limited training samples and it greatly benefits from a larger sam-
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le size (Fassnacht et al., 2014). However, we may  conclude that in
imited training samples each of the best five classifiers can be used.
or large training sample sizes, we recommend RF and adaboost.M1
hich significantly outperform other classifiers.

.4. Homogeneous and heterogeneous objects in GEOBIA

To date, no reports have analyzed the effect of the mixed objects
heterogeneous objects) for supervised classification techniques
n GEOBIA, rather than simply labeling the objects. Radoux and
ogaert (2014) also paid more attention to interpreting how impor-
ant the sampling unit of the polygon was, but did not specifically
nalyze how mixed objects – which will ultimately occur at too
oarse segmentation scales – affect the accuracy. Concerning the
NCOVA results, accuracy performances appear to be good when
omogeneous objects are used as training data or test data. In other
ords, the performance of classification accuracy was strongly

ffected by the number of mixed objects. Although mixed objects do
ot necessarily have dominant sub-object cover proportions, they
till need to be labeled as only one cover class to provide a tradi-
ional hard label approach (Shao and Lunetta, 2012). Consequently,
uch types of classification errors occur when using area-based
ccuracy assessment techniques. For both study areas, further anal-
sis also indicated that the change of accuracy measures for each
lassifier was consistent with the change in the number of mixed
bjects. This can be attributed to the decrease of mixed objects
r the increase of dominant cover for each object as the overlay
atio increases. Furthermore, the similar slopes of the lines of each
lassifier (Figs. 4 and 5) suggest that there is an equal response
o the mixed objects phenomenon between all classification tech-
iques used. Although only scale 80 with an approximately optimal
egmentation scale was tested, it can be predicted that the use of
oarser scales will substantially contribute to statistical accuracy
rrors due to the increased probability of mixed objects.

. Conclusions

In this study, we presented a systematic comparison of seven
lassification techniques used within GEOBIA workflows. Our pri-
ary interest was to analyze the behavior of each classifier at

ifferent segmentation scales for agricultural mapping, with and
ithout feature selection, with different training set sizes and

he existence of “mixed objects” (in reality consisting of different
bjects due to under-segmentation). The results indicated that the
verall accuracy only changed linearly along with the segmentation
cale change and the expected change of the resulting accuracies
hen applying the SVM and RF classification techniques. For both

tudy areas, the RF classifier provided the highest overall accu-
acy at all of the scales used, especially when using larger training
amples. In addition, DT and RF were the most stable classifica-
ion techniques with and without feature selection, while all other
lassifiers were influenced, to a greater or lesser extent, by feature
election. We  do not recommend using adaboost.M1 with feature
election, while feature selection poses no problem for naiveBayes.
F and adaboost.M1 show almost the same accuracy performance
ver all training set sizes and yield significantly better results than
he other classifiers, while generally benefitting from larger sample
izes. Further analysis also led to the conclusion that the change of
ccuracy measures for each classifier was consistent with changes
n the number of mixed objects. Overall, when generalizing and pro-
iding advice to GEOBIA users, we may  conclude that the results of

his comprehensive study suggest that the Random Forest classi-
er performed the best overall when using high spatial resolution

magery in GEOBIA. These findings can support many researchers
n their decisions regarding which GEOBIA classification strategy
ervation and Geoinformation 49 (2016) 87–98 97

to use for agricultural mapping. However, the suitability of these
approaches should be investigated further for other medium or
low resolution remote sensing image in agricultural environments.
Additional studies with other land cover communities are also
expected to determine if there are appeared these similar trends,
for example, urban area.
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