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An Approximate Spectral Clustering Ensemble for
High Spatial Resolution Remote-Sensing Images
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Abstract—Unsupervised clustering of high spatial resolution
remote-sensing images plays a significant role in detailed land-
cover identification, especially for agricultural and environmental
monitoring. A recently promising method is approximate spec-
tral clustering (SC) which enables spectral partitioning for large
datasets to extract clusters with distinct characteristics without a
parametric model. It also facilitates the use of various informa-
tion types via advanced similarity criteria. However, it requires
an empirical selection of a similarity criterion optimal for the
corresponding application. To address this challenge, we propose
an approximate SC ensemble (ASCE2) which fuses partition-
ings obtained by different similarity representations. Contrary to
existing spectral ensembles for remote-sensing applications, the
proposed ASCE2 employs neural gas quantization instead of ran-
dom sampling, advanced similarity criteria instead of traditional
distance-based Gaussian kernel with different decay parameters,
and a two-level ensemble. We evaluate the proposed ASCE2 with
three measures (accuracy, adjusted Rand index, and normal-
ized mutual information) using five remote-sensing images, two
of which are commonly available. We apply the ASCE2 in two
applications for agricultural monitoring: 1) land-cover identifi-
cation to determine orchard fields using a WorldView-2 image
(0.5-m spatial resolution) and 2) finding lands in good agricul-
tural condition using multitemporal RapidEye images (5-m spatial
resolution). Experimental results indicate a significant betterment
of the resulting partitionings obtained by the proposed ensemble,
with respect to the evaluation measures in these applications.

Index Terms—Approximate spectral clustering (SC), cluster
ensemble, clustering, geodesic similarity, land-cover identification.

I. INTRODUCTION

T HE SPATIAL resolution of remote-sensing images has
become below meter resolution with increased number

of spectral bands. This increased (very) high spatial resolution
enables detailed spectral, textural, or structural representation
to extract accurate information in a supervised or unsuper-
vised manner for agricultural and environmental control, urban
monitoring, disaster management, and homeland security (see
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[1]–[3] and references therein). Supervised approaches require
heavy expert time and labeled training points (which are often
hard and expensive to get since they can be purely obtained
only with in situ measurements [4]). It becomes more chal-
lenging for agricultural monitoring where crop calendar, sea-
sonal, and regional changes play a significant role in spectral
signatures of the land cover/use classes [5], [6]. Therefore,
achieving supervised classification performances with unsu-
pervised approaches (which need no labeled points and only
limited expert interaction) is of great importance for effective
agricultural control at the state level.

Traditional unsupervised k-means and its variant ISODATA
methods are usually poor in performance due to being centroid-
based parametric models which produce (hyper-) spherical
clusters [5], [7]. Alternative approaches without centroid mod-
els (hierarchical clustering [8], neural clustering [9], spectral
clustering (SC) [10]–[12] to name a few) are shown more
successful than k-means for remote-sensing images, thanks to
their relatively accurate representation of true clusters. Among
them, SC, which has the ability to extract clusters of different
characteristics without a parametric model, has been recently
popular [10]–[13]. Due to its computational complexity, SC is
performed for high spatial resolution remote-sensing images
through a two-step approach called approximate SC (ASC),
i.e., the SC is applied to the data representatives selected by
sampling or quantization [10], [12]–[16]. The ASC enables the
advantages of SC for large remote-sensing images and inte-
grates different information types (such as distance, density,
and topology) to produce an effective information representa-
tion for extraction of precise cluster structure [17]. However,
it necessitates an optimum selection for similarity definition
tailored to the application requirements. Instead of empirical
determination of optimal conditions, the partitionings obtained
with different settings can be fused by ensemble learning.

The ensemble methods merge the partitionings obtained
by different input or feature sets, distinct methods, or the
same method with several parameter settings, using various
approaches such as majority voting, evidence accumulation,
hyper graph operations, metaclustering, or mixture models [10],
[18]–[23]. When they are used to fuse the decisions of the same
method with several parameter settings, as in SC ensembles
(SCE) [10], [22], [23], they eliminate the need to determine
the optimal parameter values. For example, the SCE in [10],
which uses random sampling (Nystrom method [14]) together
with maximum voting and metaclustering algorithm, combines
partitionings obtained with different kernel parameter values
in similarity definition, for segmentation of relatively small
SAR images [10]. A similar approach is also used for image
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Fig. 1. ASC ensemble (ASCE). Spectral or spatial features relevant to remote-sensing application are extracted (beyond the scope of this paper). The Nr data
representatives are selected by neural gas quantization of these features. The data representatives are partitioned by SC using ns similarity criteria in Section II-C
with nkm k-means runs. The resulting partitions are merged with cluster ensemble as explained in Section II-D. The ensemble labels of the representatives are
assigned to their corresponding data points (pixels).

segmentation [22]. Despite the ensemble approach, different
parameter windows, specific to the datasets, are used to achieve
high performance [10]. In addition, when random sampling
is used for SC of large datasets, out-of-sample labeling may
become problematic [16], [24].

In this paper, we propose an ASC ensemble (ASCE2) for
unsupervised clustering of large remote-sensing images. The
ASCE2 is novel in three ways. First, we obtain the data
representatives using neural gas [25] (instead of Nystrom
approximation), to get smaller quantization errors and address
out-of-sample labeling problem. Second, we use the recent
similarity definitions [13], [17] exploiting various information
types, rather than the traditional distance-based Gauss kernel
with different parameter values. Third, we have a two-level
ensemble method which obtains a fused decision for each simi-
larity criterion and then merges these decisions into a consensus
label. We test the ASCE2 performance on two commonly avail-
able remote-sensing data (Statlog [26] and Boston [27]) and
three remote-sensing images for agricultural control. Based on
the evaluation by accuracies, adjusted Rand index (ARI) and
normalized mutual information (NMI), we show that the pro-
posed ASCE2 achieves high performance with respect to all
three evaluation measures. The rest of the paper is outlined
as follows. We first introduce the proposed ASCE2 step by
step in Section II. We then discuss the experimental results in
Section III and conclude in Section IV.

II. ASC ENSEMBLE

The proposed ASCE2 merges the partitionings obtained by
ASC with different similarity criteria. It has two parts: ASC
and ensemble learning. ASC applies SC on a reduced set of data
representatives selected by sampling or quantization [12], [14]–
[16] so that it enables the use of SC in remote-sensing images to
extract clusters of distinct characteristics without a parametric
model. Sampling-based ASCs are faster than quantization-
based ASCs in expense of a lower clustering performance due
to relatively high quantization errors and out-of-sample labeling
challenge [12], [16], [24]. The neural gas quantization [25] is
shown more successful than k-means and its variants for ASC in
remote-sensing image analysis [12], [13]. After selecting repre-
sentatives, ASC is similar to the SC approaches. Yet, the use of
representatives in ASC enables manifold-based similarity defi-
nitions (such as data topology and local density) in addition to

TABLE I
APPROXIMATE SPECTRAL CLUSTERING ENSEMBLE

the traditional distance-based similarities [13], which produces
distinct partitionings. Ensemble learning combines the resulting
partitionings to have a consensus on the label of data represen-
tatives. Then, the label of each representative is assigned to its
corresponding image pixels. An outline of the ASCE2 method
is shown in Fig. 1 and summarized in Table I. We now briefly
explain the ASCE2.

A. Data Representatives by Neural Gas Quantization

As a first step in ASCE2, we obtain data representatives by
neural gas quantization [25]. Being a neural learning paradigm,
the neural gas [25] quantizes the data points in a topology
preserving manner based on neighborhood ranking. Its ran-
domly initialized neural units evolve to the quantization repre-
sentatives with an iterative learning: a data point v is randomly
selected from the dataset at each step, and its best-matching unit
(BMU) wi is found by the minimum distance

||v − wi|| ≤ ||v − wj ||. (1)
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Then, the neural units wj neighbor to the BMU wi are deter-
mined by a neighborhood function hτ (wj) = exp(−ρwi

/τ)
based on ρwj

which is the rank of the distance of wj to v.
Note that the rank ρwi

= 0. Finally, wi and its neighbors wj

are adapted by

wj(t+ 1) = wj(t) + α(t)hτ (wj)(v − wj(t)) (2)

where α(t) is a learning parameter decaying by time. When
this iterative process is completed by a predetermined stop cri-
terion, the neural units become the quantization representatives,
achieving a lower quantization error than k-means [25].

B. SC of Data Representatives

SC methods are manifold learning approaches, which suc-
cessfully extract clusters with different characteristics, thanks
to their nonparametric model approach and easy implemen-
tation [28]–[30]. They are based on eigendecompositon of a
graph Laplacian derived from pairwise similarities of the data
points. This results in heavy computational load, which makes
them inapplicable for large datasets such as remote-sensing
images with high spatial resolution. To exploit SC advantages
for these datasets, ASC performs SC on a reduced set of data
representatives.

Being associated with relaxed optimization of graph-cut
problems, SC constructs a graph Laplacian matrix L based
on some optimization criteria [28]–[30]. Due to the fact that
there is no clear advantage among SC methods as long as a
normalized graph Laplacian is used [31], [32], we employ the
SC method in [29] to cluster the data representatives obtained
by neural gas: Let G = (V, S) be a weighted undirected graph
where its nodes V represent the representatives and the edges
S are the pairwise similarities between them. The normalized
Laplacian matrix Lnorm is defined as

Lnorm = D−1/2SD−1/2 (3)

based on a similarity matrix S and its diagonal degree matrix D
with di =

∑
j s(i, j). Then, the SC method is as follows.

1) Construct a similarity matrix S showing the pairwise
similarities of the Nr representatives to be clustered;

2) Calculate D and Lnorm using the similarity matrix S;
3) Find the k eigenvectors {e1, e2, . . . , ek} of Lnorm, asso-

ciated with the k highest eigenvalues {λ1, λ2, . . . , λk};
4) Construct the Nr × k matrix E = [e1e2 . . . ek] and obtain

Nr × k matrix U by normalizing the rows of E to have
norm 1, i.e., uij =

eij√∑
k e2ik

;

5) Cluster the Nr rows of U with k-means into k clusters.
The eigendecomposition of the graph Laplacian (ideally)

produces a data projection where submanifolds (clusters) are
well separated. A simple method in Step 5, such as k-means,
is hence expected to produce a clear delineation among clus-
ters. However, this is often not possible due to complex data
structures, resulting in intersecting submanifolds. Therefore,
consecutive k-means runs may result in distinct partitionings,
due to the randomness in k-means algorithm [13].

C. Similarity Criteria for ASC

The similarity criterion to be set for S plays a significant role
to achieve an accurate cluster extraction. The pairwise similar-
ities in SC s(i, j)s are traditionally determined by a Gaussian
kernel based on the (Euclidean) distances dEuc(xi, xj), with a
global decaying parameter σ (to be optimally found through
experiments [29] or a local σi reflecting the distance to the
kth-nearest neighbor of xi [33])

sEuc(i, j) = exp

(
−dEuc(xi, xj)

2σiσj

)
. (4)

However, for ASC, new information types such as topology,
density can be embedded into S for more effective definition for
pairwise similarities of the data representatives [12], [17], [34].
A recent approach [12] uses a similarity measure (CONN) that
exploits local density together with data topology on the repre-
sentative level. CONN(i, j) shows the number of data points
for which the representatives wi and wj are the pair of the best-
matching and the second-BMUs. In other words, CONN(i, j)
represents the local density distribution inside the subregions
Vij ∪ Vji of the Voronoi polygons Vi and Vj , (Vi is the set of
data points v for which wi is the closest representative), i.e.,

CONN(i, j) = |Vij ∪ Vji| (5)

where the sub-Voronoi polyhedron Vij is

Vij = {v ∈ Vi : ||v − wj || ≤ ||v − wk|| ∀k �= i}. (6)

By its definition, CONN is a weighted version of the induced
Delaunay triangulation in [25] showing the neighbors according
to the manifold, where weights indicate how the data points are
distributed within the Voronoi polygons. CONN thus produces
more accurate partitionings than those obtained by distance-
based approaches [12], [35]. The distance information is also
integrated with CONN for ASC by a hybrid similarity criterion
Shyb [34] where

shyb(i, j) = sEuc(i, j)× exp

(
CONN(i, j)

maxi,j CONN(i, j)

)
. (7)

The hybrid Shyb actually scales the distance-based similarity
with respect to local density distribution and data topology. If
CONN(i, j) = 0, then two representatives wi and wj are not
neighbors, which results in shyb(i, j) = sEuc(i, j). Otherwise,
their similarity is scaled by [1, e], producing a greater similarity
upto a scale of e for the maximum CONN(i, j).

Recently, geodesic-based approaches are also proposed for
ASC [13], [17]. To calculate geodesic distances, a preliminary
step is to determine a neighborhood graph showing the neighbor
representatives in the manifold. A traditional way to construct
this graph is the use of (mutual) k-nearest neighbor (k − nn)
graph. If wi and wj are among their k-closest neighbors, they
are neighbors. Then, the geodesic distance between wi and wj

is the sum of Euclidean distances of their shortest path

dgeoknn(wi, wj) =
∑

lm∈SPknn(wi,wj)

dEuc(l,m) (8)
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where SPknn(wi, wj) is the set of edges in the shortest path
between wi and wj calculated with dEuc and k − nn graph.
The parameter k should be optimally set; however, k may be
different for each representative. As a topology-based alter-
native reflecting local characteristics, CONN can be used for
neighborhood graph in calculating geodesic distances to find
specific number of neighbors for each representative [17].
The geodesic distance dgeoadj based on CONN graph using
Euclidean distances dEuc is calculated as

dgeoadj(wi, wj) =
∑

lm∈SPadj(wi,wj)

dEuc(l,m) (9)

where SPadj(wi, wj) is the set of edges in the shortest path
between wi and wj based on dEuc and CONN neighbor-
hood graph. Instead of distances, local density distribution can
also be used for geodesic distance calculation. Namely, using
density-based distance

dCONN (wi, wj)

= e
− CONN(i,j)

maxy,z CONN(y,z) , if CONN(i, j) > 0
∞, otherwise

a geodesic distance including both data topology and the data
distribution can be defined as [17]

dgeoconn(wi, wj) =
∑

lm∈SPconn(wi,wj)

dCONN (l,m). (10)

SPconn(wi, wj) is now the set of edges in the shortest
path between wi and wj with respect to dCONN distance
and CONN neighborhood. In addition, to exploit all avail-
able information for ASC on the representative level, a hybrid
approach dgeohyb(wi, wj) merging both distance and density
using CONN graph can be defined as

dgeohyb(wi, wj) =
∑

lm∈SPhyb(wi,wj)

dEuc(l,m)dCONN (l,m).

(11)

The geodesic distance-based similarities are then obtained by
replacing dEuc in (4) with the corresponding distance criterion.
They achieve better clustering accuracies for a wide variety of
datasets with different clustering statistics [13]. Despite their
success, they may not achieve the best partitioning for each
dataset. Therefore, instead of finding a best criterion for vari-
ous applications, fusing the partitionings obtained by different
criteria with ensemble approach will exploit different properties
to reach a consensus in clustering.

D. Cluster Ensemble

In order to achieve better performances with ensembles than
with single partitionings, it is important to have diverse results
obtained by different feature sets, subsets, clustering methods,
or different parameters for the same method. In our approach,
we produce a set of (neural gas) data representatives and obtain
diversity with various similarity criteria (measuring distance,

topology, and density) and random initializations for k-means
step in SC. By the use of data representatives, graph-based
ensemble approach [18]—which is infeasible for large data—
can be easily applicable for an effective decision fusion. A
graph G = (V, SCE) is constructed based on ns × nkm par-
titionings obtained by ns similarity criteria and nkm k-means
runs per similarity criterion, where SCE(i, j) shows the pair-
wise similarity of the representatives wi and wj with respect
to the number of partitionings for which they have the same
label, i.e.,

SCE(i, j) =

ns∑
m=1

nkm∑
k=1

Sm,k(i, j) (12)

where Sm,k(i, j) = 1 if wi and wj are in the same cluster; oth-
erwise, Sm,k(i, j) = 0. An SC is applied to this graph to get the
consensus labels for the representatives. We call this one-level
ensemble as ASCE1.

Alternative to the traditional approach of fusing all results
into one as in ASCE1, we use a two-level ensemble process
(ASCE2). In ASCE2, we first get an ensemble for a similar-
ity criterion s∗ from its corresponding partitionings obtained
by nkm k-means runs, based on a similarity matrix SCE2a =∑nkm

k=1 Ss∗,k. We then fuse ns ensemble results of each similar-
ity (Section II-C) using SCE2b =

∑ns

m=1 Sm. By its construc-
tion, the two-level ASCE2 first addresses the randomness in
k-means and then exploits distinct results obtained by differ-
ent information types. Note that we fuse the clustering labels at
the representative level and then determine the labels of the data
points according to the ensemble labels of their representatives.
Table I outlines the proposed ASCE.

III. EXPERIMENTAL RESULTS

We evaluate the performance of the proposed ASCE2 per-
formance based on accuracy (percentage of correctly labeled
data), ARI [36], and NMI [37] using five remote-sensing
image datasets (Statlog [26], Boston [27], Bengisu [38], [39],
KARD and VARN [6]). Two datasets (Statlog and Boston) are
commonly available, whereas the last three are obtained for
agriculture monitoring.

A. Datasets

The Statlog dataset is available from UCI Machine Learning
Repository [26]. It is a relatively small dataset composed of
6435 points with four features representing spectral values.
There are six classes: red soil, cotton crop, gray soil, damp
gray soil, soil with vegetation stubble, and very damp gray
soil. The Boston dataset [27] is obtained from a Landsat 7
Thematic Mapper satellite (available: http://techlab.bu.edu/
resources/data/C50). It is a remote-sensing image of 360× 600
pixels, where each pixel has 41 features reflecting spectral and
textural characteristics. Fig. 2 shows an RGB color composite
of the Boston dataset which has eight classes: beach, ocean,
ice, river, road, park, residential, and industrial. 29 003 pix-
els are labeled to these eight classes to represent the ground
truth [27].
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Fig. 2. Boston remote-sensing dataset. (a) Natural color composite of the
dataset (316× 600 pixels). (b) Resulting clustermap obtained by ASCE2. Each
color indicates one of the eight extracted clusters.

As a very high spatial resolution example, we use a
WorldView-2 image (0.5-m spatial resolution) for land-cover
identification to extract hazelnut fields. The eight-band multi-
spectral and panchromatic WorldView-2 images were pro-
vided through WorldView-2 eight-band challenge organized
in 2010. The (2918× 4775-pixel) image covers an approxi-
mately 3.5 km2 region (Bengisu, Trabzon) on the Black Sea
coast of Turkey, where hazelnut is the main agricultural crop
together with few other classes which are grouped into wood-
lands (deciduous and coniferous forests, other orchards as well
as hedges), other agricultural lands (vegetated areas except
hazel orchards and woodlands), bare soil and nonagricultural
areas (urban, commercial, and industrial areas, roads, water
bodies) [38], [39]. Fig. 3 provides a natural color composite
of the image. A total of 222 437 test pixels (90 072 woodlands,
82 824 hazelnut, 14 488 urban, 18 442 agriculture, and 16 611
bare area) were randomly determined proportional to their land
coverage in the study area, using field study and domain knowl-
edge of the national experts [39]. Referring to [38] and [39]
for details of the study area and existing challenges in extrac-
tion of hazelnut fields in this region, supervised classification
accuracies for five classes were 76.4% for eight multispec-
tral bands and 83.2% for fused features (eight multispectral
and four Gabor features). We therefore use fused features to
evaluate the proposed ASCE2.

The KARD and VARN datasets are multitemporal RapidEye
images (5-m spatial resolution), used in [6] and [8], for land-
cover identification in Bulgaria to determine land parcels in

Fig. 3. Bengisu dataset for hazelnut detection (2918× 4775 pixels).
(a) Natural color composite using red, green, and blue spectral bands of the
Worldview2 image. The hazelnut orchards are the main land cover of the region.
(b) ASCE2 cluster map with five land cover types.

good agricultural condition (GAC) that are potentially appli-
cable for payments in the frame of the Common Agricultural
Policy of the European Union. This GAC analysis requires
extraction of four classes: water, permanent bare areas (includ-
ing artificial sealed surfaces), forest, and vegetated areas. Each
image is a subset of stacked multitemporal data obtained by
5-band RapidEye images acquired in 4 consecutive months
from April to July 2009. This produces 20-band images, result-
ing in 20-D spectral features. The KARD image (with 4 million
pixels) is a zone in Kardjali (an area in the southeast of
Bulgaria), whereas VARN (with approximately 8 million) is
a region from Varna (an area in the east of Bulgaria). Their
natural color composites are shown in Fig. 4 to reflect their
landscapes. The KARD zone is a complex landscape from
a highly segmented section of Strumni Ridge in the area of
Eastern Rhodope. It has a hilly-to-mountainous relief with
deforested and eroded slopes. Deciduous forest covers the
mountain ridges and upper hills, while patches of coniferous
forests are presented in lower altitudes along with bare areas
with sparse vegetation. There is a river, crossing the area from
south to north (left of the image), with a sandy and rocky
riverbed. Main urban structures are mainly around the river
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Fig. 4. Multitemporal RapidEye images and their ASCE results. First row shows natural color composites of the images acquired in June 2009 for evaluation of
the land cover. (a) KARD. (b) VARN. (Details on these regions can be found in [6].) The second row shows clustering maps. (c) KARD. (d) VARN.

together with small villages across the scene. There are also
some small dams and ponds close to the urban areas, used
for water supply and irrigation. Contrary to the KARD zone,
VARN represents a highly productive region where the agricul-
tural fields can easily be identified from its color composite.
In addition, dark areas indicate forested regions, whereas white
color shows mainly urban structures. We refer to [6] for more
details on these datasets.

B. Performance Evaluation

We use three measures to evaluate the partitionings of these
remote-sensing images: accuracy, ARI, and NMI. Accuracy is

the percentage of correctly clustered data points. ARI [36] is
a measure of agreement between labels obtained by a cluster-
ing process and the other labels defined by external criteria
for the same data [40]. ARI considers not only the correct
separation of data points into different clusters but also the
relation between data points of the same cluster, to sensitively
evaluate the relation between each datum and its target label for
multiclass problems [40]. NMI is used to compare the resulting
partitionings in an information theoretical way [37].

We first get 1600 representatives for each dataset (except
Statlog for which 644 representatives are obtained due to its rel-
atively small size) by neural gas using SOMtoolbox (available:
http://www.cis.hut.fi/somtoolbox/) with default parameters.
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TABLE II
ACCURACIES OF ASCE FOR FIVE REMOTE-SENSING IMAGE DATASETS

TABLE III
ARI VALUES FOR THREE REMOTE-SENSING IMAGES

TABLE IV
NMI VALUES FOR THREE REMOTE-SENSING IMAGES

The ratios of the number of representatives to the number of
data points are 10% for Statlog, 6.25% for Boston, 0.04% for
KARD, 0.02% for VARN, and 0.01% for Bengisu. Based on
these representatives, we extract 20 partitionings for each simi-
larity criterion (due to random initialization in k-means step at
the SC). Table II shows the clustering accuracies averaged over
20 runs for five datasets. (We note that different numbers of
k-means runs are also tested, producing insignificant changes in
performance.) Additionally, Tables III and IV provide average
ARI and NMI values, respectively. Then, we get the two-level
ASCE2 ensemble labels: 1) a cluster ensemble is run for corre-
sponding similarity to fuse different partitionings obtained by
random initialization of k-means step in SC and 2) the fused
partitionings of each similarity are merged to produce the final
labels.

The best performance for single approximate clustering
method is obtained by the recently proposed geodesic based
similarity criteria for four datasets (except Statlog), which in
turn shows their power in delineating cluster boundaries with
respect to different information types. In addition, the first-
level ensemble already improves the performance for all five
datasets. Of 35 cases (7 similarity and 5 datasets), there are
only 5 exceptions for accuracy: sCONN and shyb for Statlog,
sgeoconn for KARD (0.4% decrease), and hybrid criteria shyb
and sgeohyb for VARN. Similarly, there is only one exception
for KARD (sCONN ) and one for VARN (shyb) with respect to
ARI values, and there are only three exceptions with respect to
NMI values. For the rest, the performance improvement is usu-
ally significant in all three measures, i.e., upto 11% increase in
accuracy (for sgeoknn), upto 0.21 increase in ARI (for sgeoknn),
and 0.09 increase in NMI. The accuracy of 77.13% for Bengisu
is greater than classification accuracy of 76.4% obtained by
spectral features in [39] and close to their classification accu-
racy of 83.2% with the same merged features. Achieving accu-
racies similar to the ones obtained by supervised approaches
show the effective information representation ability of the
recent geodesic similarity combined with the ensemble.

An interesting point is that the ensemble of k-means runs
may change the performance ranking of the similarity criteria,
i.e., the most suitable similarity for the application. For exam-
ple, sgeoconn has the greatest accuracy of 75.83% for Bengisu,
whereas sgeohyb has a greater accuracy of 77.13% after ensem-
ble. Similarly, sgeoconn has the greatest ARI value 0.42 and
NMI value 0.52 for Bengisu, whereas sgeohyb has greater val-
ues (0.45 and 0.54, respectively) after ensemble. These results
conclude that an ensemble can achieve higher accuracies than
single run, even though only diversity between these runs is ran-
dom initialization of k-means step in the algorithm. Ensemble
of these results using ASCE1 and ASCE2 will reduce the
necessity to select the best similarity for a given application
while aiming to achieve a better partitioning.

The proposed two-level ensemble ASCE2 achieves the best
performance for four datasets in terms of accuracy (except
Bengisu). The improvement in accuracy is significant for these
datasets: 2.3% increase for Statlog (from the best average of
sEuc 66.9% to 69.2%); a 0.4% increase for Boston (from the
best average of sgeoadj 96.3% to 96.7%); 0.6% increase for
KARD (from the best average of sgeohyb 94.9% to 95.5%);
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1.3% increase for VARN (from 93.4% with sCONN to 94.7%).
For Bengisu, however, there is a decrease in accuracy. The
ensemble accuracy of 75.5% is close to the best result with
a single clustering (75.8% with sgeoconn) and significantly
greater than the second best result (74.5% with sCONN ).
Similarly, according to ARI values, the ASCE2 produces a
0.01 increase for KARD and 0.05 increase for VARN. For
NMI evaluation, the ASCE2 has an improvement of 0.02 for
Bengisu, and of 0.03 for VARN. Figs. 2–4 show the result-
ing cluster maps for the Boston, Bengisu, KARD, and VARN
datasets, respectively. The visual comparison of these cluster
maps with the natural color composites indicates a striking
fit of the extracted clusters. These analyses indicate that the
consensus labelings achieved by the proposed ensemble are in
line with the natural clusters in terms of desired classes and
information theoretical way.

To compare the ASCE2 performance with the traditional
ensemble approaches, we fuse all 140 partitionings (7 crite-
ria and their corresponding 20 runs) with ASCE1 at once.
We obtain an accuracy of 63.14% for Statlog, 96.69% for
Boston, 75.24% for Bengisu, 95.45% for KARD, and 93.33%
for VARN. These accuracies are smaller than a single cluster-
ing method for three datasets (Statlog, Bengisu, and VARN).
However, the ASCE1 ensemble has a better ARI value than any
single clustering for KARD and VARN, and a very close value
for Bengisu. The ASCE1 ensemble has also a better NMI value
than any single clustering for Bengisu and smaller NMI values
by a close margin for KARD and VARN. The two-level ASCE2
is significantly better than the ASCE1 with traditional one-level
ensemble: ASCE2 achieves greater accuracies for four datasets,
except KARD for which their accuracies are equal (Table II),
greater ARI values for two of the three datasets (Table III), and
greater NMI values for three datasets (Table IV). The proposed
ASCE2 can hence be a powerful tool for unsupervised cluster
extraction in remote-sensing applications.

IV. CONCLUSION

High spatial resolution has brought new challenges for
remote-sensing image analysis while creating emerging appli-
cations due to improved abilities of fine details for precise
agriculture, homeland security, and urban monitoring. A long-
standing challenge for remote-sensing images, and for those
with high spatial resolution, is the necessity of accurate labeled
training sets (which can only be obtained purely from the
field visits) to achieve effective land-cover maps with many
supervised approaches [41]. While active learning approaches
[42] address this by reducing the required labeled samples
and guiding the user to label few selected samples, unsu-
pervised clustering uses no labeled samples. Recently, ASC
methods enable the spectral partitioning of large datasets such
as remote-sensing images with high spatial resolution, to utilize
its advantages of extracting clusters with various character-
istics without a parametric model. The ASC methods also
enable effective manifold-based information representation cri-
teria that are optimally selected for corresponding application.
To harness different information types in ASC without a need
for optimality selection, we introduced an ASCE2 composed

of three stages: 1) neural gas quantization to obtain data repre-
sentatives; 2) SC of these representatives with recent similarity
criteria derived from different information types exploiting
distinct manifold characteristics; and 3) a two-level graph-
based ensemble of obtained partitionings. We showed that the
ASCE2 improves the clustering quality with respect to three
measures (accuracy, ARI, and NMI) for five remote-sensing
images. Based on its success on remote-sensing applications
for land-cover identification, the ASCE2 can be used for accu-
rate cluster extraction from large remote-sensing-images in an
unsupervised manner. The ASCE2 can be helpful especially for
agricultural monitoring (encompassing a whole country) where
it is often hard and expensive to obtain labeled training samples
for supervised classification methods.

The ASCE2 is based on data representative level ensemble
approach, which in turn limits the ensemble on one kind of
representative selection (neural gas in our study). However, the
use of different quantization approaches (such as k-means, self-
organising maps, or their variants) or different initializations
may produce distinct partitionings, which are then to be fused
by an ensemble approach. Yet, graph-based ensemble would be
infeasible at the data level for large remote-sensing images due
to its complexity, while maximum voting would be unsuccess-
ful based on our preliminary studies. An ensemble approach
tailored for ASC of large datasets would help for more effec-
tive partitionings. With its current settings using neural gas
quantization, the proposed ASCE2 already achieves significant
performances for the remote-sensing images in this study.
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Kadim Taşdemir (M’09) received the B.S. degree in
electrical and electronics engineering from Bogazici
University, Istanbul, Turkey, the M.S. degree in com-
puter engineering from Istanbul Technical University,
Istanbul, Turkey, and the Ph.D. degree in electri-
cal and computer engineering from Rice University,
Houston, TX, USA, in 2001, 2004, and 2008, respec-
tively.

Before joining AIU, he was a Researcher with the
European Commission Joint Research Centre (JRC),
Institute for Environment and Sustainability, Ispra,

Italy, between 2009 and 2012, where he worked on automated control meth-
ods for monitoring agricultural resources using remote sensing imagery. He
is a recipient of FP7 Marie Curie Career Integration Grant and TUBITAK
Career Grant. His research interests include detailed knowledge discovery
from high-dimensional and large data (especially remote sensing imagery)
using machine learning (self-organized learning in particular), data mining, and
pattern recognition.
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