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Abstract—Incorporating disparate features from multiple
sources can provide valuable diverse information for remote
sensing data analysis. However, multisource remote sensing data
require large quantities of labeled data to train robust super-
vised classifiers, which are often difficult and expensive to acquire.
A mixture-of-kernel approach can facilitate the construction of
an effective formulation for acquiring useful samples via active
learning (AL). In this paper, we propose an ensemble multiple
kernel active learning (EnsembleMKL-AL) framework that incor-
porates different types of features extracted from multisensor
remote sensing data (hyperspectral imagery and LiDAR data) for
robust classification. An ensemble of probabilistic multiple ker-
nel classifiers is embedded into a maximum disagreement-based
AL system, which adaptively optimizes the kernel for each source
during the AL process. At the end of each learning step, a deci-
sion fusion strategy is implemented to make a final decision based
on the probabilistic outputs. The proposed framework is tested in
a multisource environment, including different types of features
extracted from hyperspectral and LiDAR data. The experimental
results validate the efficacy of the proposed approach. In addi-
tion, we demonstrate that using ensemble classifiers and a large
number of disparate but relevant features can further improve the
performance of an AL-based classification approach.

Index Terms—Active learning (AL), ensemble classification,
multiple kernel learning, multisource data.

I. INTRODUCTION

M ULTISOURCE remote sensing data analysis has been
an emerging research topic in recent years, due to the

development of relevant remote sensing technologies, e.g., very
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high resolution (VHR) optical, multispectral, and hyperspec-
tral sensors, synthetic aperture radar (SAR), and light detection
and ranging (LiDAR) systems. Given sufficient labeled ground
reference data, supervised learning methods are effective for
analysis of these data, for problems including classification,
spectral unmixing, and anomaly detection. Unfortunately, the
performance of supervised learning models is heavily depen-
dent on the availability of representative labeled data for train-
ing, which in real-world applications are usually expensive and
time-consuming to obtain. Moreover, the very high dimension-
ality of feature spaces resulting from hyperspectral imagery
makes it difficult to design reliable classifiers with a limited
quantity of labeled data. However, manual selection of training
data from imagery, a common practice, is subjective (partic-
ularly if accomplished via visual interpretation) and tends to
introduce redundancy into the supervised classifier because data
are selected in spatially contiguous patches, and thus slow the
training process. Therefore, it is important to collect training
data that are most informative and useful for the underlying
classification task.

Active learning (AL) was introduced for such tasks in the
machine learning community [1], and has been demonstrated
to be useful for classification of remote sensing data [2], [3].
Unlike traditional passive learning, where labeled data are used
to train the classifier and unlabeled samples are subsequently
classified, in AL, users can interact with the classifier, both
providing capability to select the most informative samples
and allowing adaptation in dynamic environments. In the AL
framework, classifiers are initially trained on a very limited set
of training samples, but additional informative and representa-
tive samples are identified from the abundant unlabeled data,
labeled, and then inducted into this set, thereby growing the
training dataset in a systematic way. The goal is to minimize the
cost related to the sample labeling process while maximizing
the discrimination capabilities.

In recent years, many AL strategies have been proposed for
remote sensing data classification. One group is specific to
margin-based classification approaches, such as support vec-
tor machine (SVM) classifiers. In this context, margin sampling
(MS) represents a simple but powerful strategy [4], [5], where
the importance of samples is based on the distance to the
hyperplane, which indicates the level of uncertainty and its
importance toward learning the decision boundary. Samples
whose distance to the hyperplane is small are likely to be
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support vectors, and thus more important for learning the clas-
sifier. In [6], instead of using the distance to the hyperplane
as selection measure, the original classification problem is
reformulated into a new binary problem where the goal is to
discriminate between significant and nonsignificant samples.
While exploiting the kernel space induced by spectral fea-
tures has been demonstrated as a successful framework for
MS, an enhanced kernel space can be constructed by including
multiple features or sources within a multiple kernel learn-
ing (MKL) framework, as demonstrated in our preliminary
work reported in [7]. Although MS is effective in many AL
problems, limitations include the following. 1) It can only be
applied to margin-based methods, in which decisions are made
on the distance to a separating hyperplane. 2) It is not suitable
when multiple classifiers are involved in the learning pro-
cess, since no inter-classifier-information among the samples
is considered.

Another popular family of AL strategies quantifies the uncer-
tainty of samples by considering a committee of learners [8].
Each member of the committee builds its own learning model,
and consequently labels the samples in the candidate pool. The
algorithm then selects the samples which have the maximum
disagreement for different classification models in the com-
mittee. Among the strategies that can be utilized to construct
committees, a recently proposed approach for hyperspectral
imagery utilizes feature subsets as a proxy for multiple views
(each view being a member in this ensemble/committee) [9].

Other methods are based on posterior probabilities. In [10],
using a maximum-likelihood classifier, the samples whose
inclusion in the training set maximizes the changes in the pos-
terior distribution are selected. In [11], samples are selected
as a function of entropy of the corresponding class label.
Another strategy is represented by the breaking-ties criterion
[12], in which the difference between the two largest poste-
rior probabilities is considered. More recently, researchers have
incorporated spatial information [13], [14], and have incorpo-
rated the AL framework in practical operational scenarios [15],
[16]. Moreover, while the number of samples is an appealing
way to formulate the labeling cost, the time spent for labeling
or the distance traveled in the field can be more appropriate for
certain applications [17].

Although several AL strategies have been proposed in the lit-
erature, they have been applied mostly for single-sensor remote
sensing data. Little research has been conducted in multisen-
sor scenarios. Multiple sensors can provide diverse information,
and a combination of different features has the potential to
provide a more “complete” representation of objects on the
ground. However, the high dimensionality of the resulting fea-
ture space necessitates appropriate classification approaches. In
recent work, composite kernel learning (CKL) and MKL have
been shown to outperform traditional single-kernel machines
for some scenarios. Both are based on a combination (typically
linear) of different base kernels, where each kernel is dedi-
cated to a particular type of feature (e.g. a unique source). CKL
was first proposed to improve the classification of hyperspec-
tral images by combining spectral and spatial information [18],
and further improved in [19] by removing the constraints on

weight parameters. MKL has outperformed traditional single
kernel approaches in different applications [20], [21] and has
also been applied successfully for remote sensing [22]–[24].
However, previous research has been investigated in a fixed
training set scenario, and little attention has been given to the
integration of MKL and AL frameworks.

A preliminary attempt to integrate MKL and AL was recently
discussed in our preliminary work [7], in which a MKL-AL
framework based on the MS selection strategy was proposed
to integrate multiple features or various sensors in an adaptive
manner for effective learning. We demonstrated that combin-
ing SimpleMKL [25] and MS can be an effective and robust
AL approach for multiple disparate features (derived from one
or more sensors), considering that tuning the kernel parameters
and determining the weights in the linear mixture of kernels is
not trivial. Although adaptive kernels can be developed for each
source, the MS-based selection strategy is not source-specific,
which can result in a potentially sub-optimal use of each
source.

The goal of this paper is to develop a robust source-specific
AL framework that can be applied in a multisource environ-
ment to select important samples for labeling. In particular,
we propose a novel ensemble multiple kernel active learning
(EnsembleMKL-AL) system based on the maximum disagree-
ment query strategy that incorporates different types of features
extracted from multisensor remote sensing data.

The remainder of the paper is organized as follows. The pro-
posed EnsembleMKL-AL framework is presented in Section II.
In Section III, we briefly introduce the different types of fea-
tures considered in this paper, including two LiDAR derived
features, extended multiattribute profiles (EMAPs) and object-
based texture features. Experimental results and analysis are
presented in Section IV. Finally, concluding remarks are
included in Section V.

II. PROPOSED METHOD

A. Framework

We propose an EnsembleMKL-AL framework for robust
classification of multisource/multifeature remote sensing data.
The flowchart of the proposed framework is shown in Fig. 1.
Consider an initial small set of labeled samples extracted
from various sources, noted as L = {(x1

i ,x
2
i , . . . ,x

P
i ), yi}Ni=1,

where yi is the label of multisource data (x1
i ,x

2
i , . . . ,x

P
i ), P

is the number of sources, and N is the total number of labeled
samples. The goal is to select a series of examples from a set
of unlabeled samples U = {x1

i ,x
2
i , . . . ,x

P
i }Qi=1 and add them

to the training set after labeling (in a practical framework, this
labeling would typically be undertaken by a human analyst,
e.g., via photo-interpretation or collection of ground reference
information). It is desired to obtain good system performance
by inducting as few training samples as possible that add the
most information. Q is the total number of unlabeled sam-
ples, and satisfies Q� N . The proposed framework can be
subdivided into four steps: (1) multiple features are extracted
from multisource data; (2) an ensemble of probabilistic MKL
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Fig. 1. Flowchart of the proposed framework.

classifiers is implemented to optimize the kernel for each source
or feature set; (3) a maximum disagreement-based AL strat-
egy is used to select the most informative samples; (4) after the
learning is accomplished, a decision fusion strategy is applied
to the posterior probabilities computed by the MKL classifiers
to obtain a final classification map. In this paper, a soft fusion
strategy—a linear opinion pool (LOP) [26] is studied, and com-
pared with the widely used majority voting (MV) method. A
detailed description of the steps is presented in the following
subsections.

B. Probabilistic Multiple Kernel Classifier

In most kernel-based learning methods [27], [28], perfor-
mance is greatly affected by the choice of kernel function and
related kernel hyper-parameters. The standard SVM only uti-
lizes a single kernel function with fixed parameters, which
necessitates model selection for good classification perfor-
mance. Besides, using a fixed kernel may introduce bias, since
different sources of data may have different representations of
the phenomena of interest, and hence the similarity should not
be measured via the same kernel function. For such situations,
multiple kernel learning methods have been proposed, which
typically apply a weighted linear combination of basis kernels
instead of selecting one specific kernel function for learning.
In the multisource scenario, for a specific source p, the com-
bined kernel function K between two pixels xp

i and xp
j can be

represented as

K(xp
i ,x

p
j ) =

M∑
m=1

dmKm(xp
i ,x

p
j )

s.t. dm ≥ 0 and
M∑

m=1

dm = 1

(1)

where M is the number of candidate basis kernels represent-
ing different kernel parameters, Km is the m-th basis kernel
and dm is the associated weight. Weights can be estimated
through cross-validation, which is computationally demanding

when the number of basis kernels (i.e., feature sets or data
sources) is large. An alternative strategy, which we adopt in this
paper, is based on the SimpleMKL algorithm [25]. It optimizes
the weights automatically in a learning problem. Based on the
SVM optimization problem, the SimpleMKL learning problem
is expressed as

min
d

J(d), s.t. dm ≥ 0, and

M∑
m=1

dm = 1

J(d) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

min
w,b,ξ

1
2

M∑
m=1

1
dm
‖wm‖2 + C

N∑
i=1

ξi

s.t. yi

(
M∑

m=1
〈wm,Φm(xp

i )〉+ b

)
≥ 1− ξi

ξi ≥ 0 ∀i = 1, 2, . . . , N

(2)

where Φm(xp
i ) is the kernel mapping function of xp

i , wm is the
weight vector of the mth decision hyperplane, C is the regular-
ization parameter controlling the generalization capabilities of
the classifier, and ξi is a positive slack variable.

Similar to standard SVM, SimpleMKL can also be repre-
sented in its dual form as

max

{
L(αi, αj) =

N∑
i=1

αi − 1

2

N∑
i=1

N∑
j=1

αiαjyiyj

×
M∑

m=1

dmKm(xp
i ,x

p
j )

}

s.t.

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

N∑
i=1

αiyi = 0

αi, αj ∈ [0, C] ∀i, j = 1, 2, . . . , N

dm ≥ 0, and
M∑

m=1
dm = 1

(3)

where αi and αj are Lagrange multipliers. The kernel weight
dm can be optimized via a simple gradient descent approach
by updating it along the direction of the negative gradient
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of L(αi, αj). The gradient of the objective function can be
computed as

∂L

∂dm
= −1

2

N∑
i=1

N∑
j=1

αiαjKm(xp
i ,x

p
j ), m = 1, 2, . . . ,M.

(4)
Then d is updated by using a search scheme as

d← d+ γD (5)

where γ is the step length, D is the descent direction of
L(αi, αj), and d = [d1, d2, . . . , dM ]T is the kernel weight
vector. Following this optimization, SimpleMKL provides a
predicted label for each test sample. However, many applica-
tions require a posterior class probability instead of a specific
label. Platt proposed an approach to approximate the posterior
class probabilities P (y = 1|x) by a sigmoid function which is
commonly used in single-kernel SVM implementations [29],
[30]. In this paper, we implement this approach for our MKL
framework in a similar way.

C. Maximum Disagreement-Based Ensemble AL

Ensemble AL is based on a committee of learners, in which
each member of the committee is learned on a subset of the
samples or of the feature space. Diversity is important for
building a robust ensemble [9], [31], as it ensures that each
subset contains additional information to improve the learner
relative to the other subsets. In previous work with hyperspec-
tral imagery, these conditions were created via a multiview
approach, in which the original set of spectral features was par-
titioned into disjoint subsets, i.e., different views [9]. A similar
approach can be adopted in our case, in which different sources
or different types of features can be assigned to a different view
of the data.

In an AL framework, the choice of criterion function used to
select samples from the unlabeled set is crucial. In the context
of ensemble AL, we adopt the maximum disagreement crite-
rion, which demonstrated its capabilities in identifying the most
informative samples across multiple views [9]. It is based on
two successive steps.

Let us suppose that the estimated label of a sample xp
i ∈ U

from source/feature-set p is obtained by learning a classification
function, and ŷpi = f(xp

i ). For each sample i, we define a sym-
metric matrix Di, which measures the disagreement between
each pair of predictions (ŷ1i , ŷ

2
i , . . . , ŷ

P
i ). Each element of the

matrix is defined as

Di(p, n) =

{
Δ(ŷpi , ŷ

n
i ), if p 
= n

0, if p = n
(6)

where

Δ(ŷpi , ŷ
n
i ) =

{
1, if ŷpi 
= ŷni

0, if ŷpi = ŷni .
(7)

p, n ∈ {1, 2, . . . , P}. Then, the disagreement level of sample i
over all sources can be expressed as

DLi =

P∑
p=1

P∑
n=1

Di(p, n). (8)

The maximum disagreement contention set PMD is con-
structed by selecting unlabeled samples with the maximum
uncertainty, i.e., the maximum disagreement level. If the num-
ber of samples with the highest disagreement level is less than
the batch size, i.e., the number of samples to select, more sam-
ples having the maximum disagreement levels are included in
PMD. In this way, PMD is always larger than the batch size.
Note that because we want to keep the size of the training set
small, a small fixed number of samples should be carefully
selected in each learning step. However, the samples belong-
ing to the maximum disagreement set are usually characterized
by strong redundancy. To limit this, and to select nonredundant
samples, a pruning strategy is applied on PMD.

We use weighted voting entropy (WVE) [32] to quantita-
tively measure the uncertainty of votes over labels provided
by each source. For this purpose, we define a P ×Nc weight-
ing matrix W (where Nc is the number of classes), in which
W(p, c) is the class-specific accuracy for source p and class c.
The WVE value of zi ∈ PMD at the τ th query is defined as

WVEτ (zi) = − 1

log�τ

Nc∑
c=1

στ
c (zi)

�τ
log

(
στ
c (zi)

�τ

)
(9)

where

�τ =

P∑
p=1

Nc∑
c=1

Wτ−1(p, c) (10)

στ
c (zi) =

P∑
p=1

Wτ−1(p, c)× δ (f(zpi )) (11)

δ (f(zpi )) = δ(ŷpi ) =

{
1, if ŷpi = yi

0, if ŷpi 
= yi
(12)

Wτ−1 is the weighting matrix from the last query. Following
this, only samples with the highest entropy values are selected
and inserted into the final set of informative samples

P τ
WV E =

{
z1j , z

2
j , . . . , zj

P : maxWVEτ (zj)
}
. (13)

The combination of the maximum disagreement method with
the pruning strategy based on WVE allows us to select samples
having the highest disagreement level while simultaneously
exhibiting poor classification performance.

D. Decision Fusion Strategy

After the learning is accomplished, each source-specific
MKL classifier can output the predicted labels as well as their
corresponding posterior probabilities for all samples. Following
this, a decision fusion strategy is applied to perform classifica-
tion per pixel. Decision fusion can occur either at the class label
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level, known as hard fusion, or at the posterior probability level,
known as soft fusion.

Majority voting—a popular approach to conduct hard deci-
sion fusion, achieves the final classification decision based on
a vote over individual class labels from each classifier in the
ensemble. A simple majority voting is given by

w = argmax
i∈{1,2,...,Nc}

N(i) (14)

where w is the class label from one of the Nc possible classes
for the test sample, and N(i) is the number of times that the
class i predicted by the ensemble of classifiers.

Soft decision fusion makes the use of posterior probabilities
for making the final decision. A popular soft decision fusion
scheme is a linear opinion pool, which makes the final classi-
fication decision by constructing a global membership function
by using individual posterior probabilities pj(wi|x) of each
classifier

P (wi|x) =
P∑

j=1

αjpj(wi|x) (15)

w = argmax
i∈{1,2,...,Nc}

P (wi|x) (16)

where αj (j = 1, 2, . . . , P ) is the classifier weight, which can
either be uniformly distributed over all classifiers, or can be
assigned based on the “confidence score” of each classifier. In
this paper, we use the uniformly distributed weight for each
source classifier.

III. MULTIPLE FEATURE EXTRACTION

The EnsembleMKL-AL approach proposed in this paper is
particularly suited for multisource data. We use the terminol-
ogy multisource to loosely refer to data obtained via different
sensors, or different feature-types derived from the same sensor.
Although it can be applied to any multisource scenario, in this
paper, we focus on one important remote sensing scenario—
fusion of hyperspectral and LiDAR data. Although the spectral
signatures derived from hyperspectral images can be directly
used in the successive steps of the framework, we extract addi-
tional features from the LiDAR data before using it in this
framework. In particular, a digital surface model (DSM) and
pseudo-waveforms are generated as additional feature streams.
Additionally, spatial features are extracted from both sources.
The inclusion of spatial information is expected to stabilize
per-pixel features, and to provide additional “views” in our
ensemble. We choose to include two potentially diverse spatial
features—object-based textural features and extended morpho-
logical attribute profiles (EMAPs). A brief description of each
type of feature set is presented in the following sections.

A. LiDAR Data Processing

Among several data products that can be extracted from
discrete return LiDAR data, DSM and pseudo-waveforms are
considered in this paper. A DSM is one of the most pop-
ular and simple data products that can be generated from

the discrete return LiDAR data. In addition to the DSM, we
also generate pseudo-waveforms over the same grid structure
as used in the DSM and the hyperspectral data by stacking
voxels with 1 m vertical dimension on the grid and accumu-
lating points within every voxel. We refer readers to [33] for
a detailed description of the pseudo-waveform generation pro-
cess. Although the pseudo-waveform generation approach is
adopted in this study since only discrete return LiDAR data are
available over the study area, LiDAR data from advanced full
waveform LiDAR systems could be used instead by applying
waveform decomposition [34].

B. Object-Based Texture Features

Spatial features are usually extracted by considering a
window-based approach, which, however, suffers from the
“border-effect”—an issue where the neighborhood includes
pixels from multiple objects/thematic classes. This problem can
be mitigated by following an object-based approach, in which
the neighborhood system is defined in an adaptive way. For
this purpose, we build upon our recent work [33], integrating
it into the proposed multisource AL strategy. The approach
entails three key steps. 1) The original data are subdivided
into spatially homogeneous regions using the HSeg algorithm
[35]. HSeg is a segmentation approach that combines region
growing, which produces spatially connected regions, with
clustering, which results in groupings based on spectral similar-
ity from spatially disjoint regions. Two main factors influence
the merging process: the dissimilarity criterion (DC) and the
weighting factor Swght, which ranges from 0 to 1 and sets the
relative importance of spatially adjacent regions with respect
to those that are nonadjacent. The output is a hierarchy of seg-
mentation maps at different levels of detail. 2) Following this,
an unsupervised strategy of pruning is applied to remove sub-
trees of the hierarchy that are homogeneous with respect to a
given homogeneity criterion. In this way, the final segmenta-
tion does not represent one of the actual levels of the hierarchy,
but incorporates regions potentially selected from different lev-
els. This is accomplished by characterizing each region of the
hierarchy in terms of second-order statistics (standard deviation
is considered in our specific case). The homogeneity criterion
is calculated adaptively for each pixel by computing the stan-
dard deviation in a window with size W = [wx, wy]. 3) Finally,
texture features (mean and standard deviation are considered in
our work) are extracted from the object-based detected regions.

C. Extended Multiattribute Profiles

Morphological attribute filters have been applied to extract
morphological features in many recent remote sensing appli-
cations [36], [37]. Profiles are computed by removing the
connected components that do not fulfill a specified criterion.
The value of an arbitrary attribute attr measured on a compo-
nent is compared to a given reference value λ, e.g., T (Com) =
attr(Com) > λ. If the criterion is satisfied, then the regions are
kept intact; otherwise, they are set to the gray level of a darker
or brighter surrounding region. Such attributes can be geometric
(e.g., area, shape, length of the perimeter, image moments), or



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

6 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

Fig. 2. UH dataset. (a) True-color composite of the hyperspectral data (wavelength R: 640.7 nm, G: 550.2 nm, B: 459.6 nm). (b) LiDAR DSM data. (c) False-color
composite of the pseudo-waveform data (elevation R: 10 m, G: 0 m, B:5 m); (d) Ground reference map.

textural (e.g., range, standard deviation, entropy), etc. Attribute
profiles (APs) are an extension of the widely used morpholog-
ical profiles (MPs). Analogous to the definition of the MPs,
APs consist of n morphological attribute thickening (φT ) and
n attribute thinning (γT ) operators as given by

AP(f) = {φT
n (f), . . . , φ

T
1 (f), f, γ

T
1 (f), . . . , γ

T
n (f)} (17)

where f is the input image. Each AP can be computed on one
of the features from a multivariate image (e.g., the first c prin-
cipal components of a hyperspectral image), and different APs
can be combined as an extended attribute profile (EAP). Also,
according to the attributes considered, different morphological
information can be extracted from the image, and merged into
a single data structure denoted as EMAP

EMAP =
{
EAP1,EAP′

2, . . . ,EAP′
n

}
(18)

where each EAP corresponds to a specific attribute and EAP′

consists of all thickening and thinning operators, excluding
the multiple presence of the input image f or the c principle
components which have already been included in EAP1.

IV. EXPERIMENTAL RESULTS

A. Dataset and Extracted Features

The dataset [38] used in this work is a hyperspectral image
and discrete return LiDAR data, which were acquired over
the University of Houston campus and the neighboring urban
area. The hyperspectral data were acquired with the ITRES-
CASI 1500 sensor, on June 23, 2012 between 17:37:10 and
17:39:50 UTC. The average altitude of the sensor was 5500 ft,
which resulted in 2.5 m spatial resolution data. The hyperspec-
tral imagery consists of 144 spectral bands ranging from 380 to
1050 nm, and was processed (radiometric correction, attitude
processing, GPS processing, geo-correction etc.) to yield the
final geo-corrected image cube representing at sensor spectral
radiance, SRU = μW/(cm2 sr nm). A true color composite of
the hyperspectral signatures is shown in Fig. 2(a).

The LiDAR data were acquired using an Optech Gemini sen-
sor on June 22, 2012 between 14:37:55 and 15:38:10 UTC.
The 167 kHz laser operates at 1064 nm and records up to four
returns. The average height of the sensor at the time of acqui-
sition was 2000 ft above ground level, which resulted in an
average point density of 35.38 points/m2 on the ground. The
DSM and pseudo-waveform data were generated from the orig-
inal LiDAR point cloud as described in Section III-A and are
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TABLE I
NUMBER OF LABELED SAMPLES FOR THE UH DATASET

shown in Fig. 2(b) and (c) respectively. The pseudo-waveform
data are represented in 80 bins, which correspond to the LiDAR
aggregated discrete returns within predefined voxels at prede-
termined elevations above/below the ground. The quantization
unit of elevation spacing is 1 m, and the first band corresponds
to 9 m below ground elevation, so the 80th band corresponds to
70 m above ground elevation. For this urban area, most objects
are located in the range of 0–20 m, so some bands are “empty.”
From Fig. 2(c), we can see most of the objects are in the green
color range, which means that they are close to the ground. The
mid-elevation objects are represented as blue, and taller objects
are in red. All images are composed of a 349× 1905 grid at
2.5 m spatial resolution. The ground reference map is shown
in Fig. 2(d). The total number of ground reference samples is
15 029, covering 15 classes of interest. The number of labeled
samples for each class is shown in Table I. The classes include
several vegetation classes, different types of roads, as well as
some urban classes. The class “Grass” is separated into healthy
and stressed grass, and synthetic grass. Parking lots are cate-
gorized based on whether they have cars, i.e., Parking Lot1 is
empty, and Parking Lot2 is filled with cars.

We retain original features (hyperspectral signatures and
pseudo-waveforms) in our set of features. In order to extract
textural features, the HSeg algorithm was applied to LiDAR
pseudo-waveform and hyperspectral data by adopting four-
neighborhood connectivity. For both cases, we considered a
Spectral Angle Mapper (SAM) based dissimilarity criterion
(DC) and fixed the parameter Swght to 0.1. The strategy of
segmentation hierarchy pruning was applied by setting the
parameter W = [wx, wy] equal to [3, 3]. The number of seg-
ments obtained after pruning LiDAR pseudo-waveform and
hyperspectral data were 67 735 and 55 802, respectively.

EMAPs were extracted from LiDAR DSM data and hyper-
spectral signatures. While EMAP features can be computed
directly from the single-band LiDAR DSM data, for hyperspec-
tral signatures they were extracted from the first four principal
components which contain 99% of the total variance of the orig-
inal data. Three APs were computed for both LiDAR DSM
and hyperspectral data considering different attributes related
to the geometry of a region. The AP associated with area is
a surrogate for the scale of the structures in the scene, which
is related to the size of the regions. The length of the diag-
onal of the bounding box is a different measure of the size
and geometrical properties of region. The moment of inertia
attribute, which models the elongation of the regions, is a mea-
sure of the noncompactness of the objects. As in [37], the
values of λ used in each EAP are: 1) area of the regions, λa =
[100, 500, 1000, 5000]; 2) length of the diagonal of the box

TABLE II
SOURCE/FEATURE TYPES WITH CORRESPONDING NUMBER OF FEATURES

Fig. 3. OA achieved on the UH dataset for SimpleMKL and SVM methods.
RS: random sampling; and MS: margin sampling.

bounding the region, λd = [10, 25, 50, 100]; and 3) moment of
inertia, λd = [0.2, 0.3, 0.4, 0.5]. Note that the range of opti-
mal parameters is expected to be data-dependent. In this work,
we experimentally determined these values to be appropriate.
Thus, for the LiDAR DSM (hyperspectral) data, each EAP is
9 (36)-dimensional, i.e., it is composed of one (four) APs with
nine levels computed on each component. The final EMAP is
obtained by stacking the three EAPs into a single data struc-
ture and by considering the original LiDAR DSM (principal
components) just one time.

We summarize the source/feature types with the correspond-
ing number of features in Table II. In the rest of the paper,
if not indicated differently, all the six source/feature types are
considered.

B. Experimental Setting

We present results of three experiments to demonstrate
the efficacy of the proposed approach. First, we compare
SimpleMKL-AL with standard single kernel SVM-AL and ver-
ify that MKL is a suitable classifier for multiple feature AL.
In the second set of experiments, we compare the proposed
EnsembleMKL-AL system to SimpleMKL-AL to investigate
the benefit of using ensemble classifiers. Finally, we quantify
the efficacy of multiple features, especially the morphological
and textual features, utilized in AL.

From the available labeled data, half of the samples were
selected randomly as our query set. The remaining pixels con-
stituted the test set. Ten randomly sampled splits were used, and
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Fig. 4. OA achieved on the UH dataset for (a) SimpleMKL and EnsembleMKL
and (b) EnsembleMKL-RS and EnsembleMKL-MD methods. RS: random
sampling; MS: margin sampling; and MD: maximum disagreement.

Fig. 5. OA achieved on the UH dataset using a different number of sources at
the final AL step.

Fig. 6. OA achieved on the UH dataset for SimpleMKL and EnsembleMKL
methods by considering different number of sources. Orig: 2 sources; All: 6
sources.

the average results over these random splits are reported in all
experiments. The initial training set contained 20 samples for
each class randomly selected from the query set. At each learn-
ing step, five samples were selected from the candidate pool
and added to the training set based on learning system specific
query criteria. For the single-classifier learning system, the cri-
terion was margin sampling (MS) and the baseline was random
sampling (RS). For the ensemble classifier learning system, we
employed maximum disagreement (MD) for AL, and a final
decision was made based on majority voting (MV) or linear
opinion pool (LOP) fusion.

All experiments were conducted using an RBF kernel func-
tion with relative width parameter σ. For the standard SVM, this
parameter was estimated before the learning process by apply-
ing kernel alignment [39] to the initial training set. Starting
from 0.05 and with a step size of 0.05, the alignment of the
kernel was maximized for σ = 0.9. For the MKL-based exper-
iments, we did not select a specific kernel parameter; instead,
we defined a set of different values as candidate input param-
eters. In a multisource scenario, we can build several basis
kernels with different values of σ for each source; however, the
number of parameters should be kept small to reduce the com-
putational complexity and memory requirements. In particular,
four base kernels with σ = [0.2, 0.5, 1, 1.5] were considered
for all sources. This range of values was found to be reason-
able after applying kernel alignment to the initial training set of
each source. For all classifiers (i.e., standard SVM and MKL),
the penalty parameter C was selected by cross-validation in the
range of [2−1, . . . , 215].

C. Experimental Results and Discussion

1) Comparison of SimpleMKL-AL and SVM-AL: The first
experiment compares results obtained by the SimpleMKL-
AL and SVM-AL algorithms, to investigate the potential of
MKL-AL in processing a large number of features obtained
from different sensors using different spatial feature extraction
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Fig. 7. Classification maps obtained at the final AL step. (a) SimpleMKL-MS: 2 sources. (b) EnsembleMKL-MD-LOP: 2 sources. (c) SimpleMKL-MS: 6 sources.
(d) EnsembleMKL-MD-LOP: 6 sources.

strategies. The learning curves of the different AL methods are
shown in Fig. 3.

In general, the SimpleMKL-AL methods are superior to the
standard SVM-AL methods for both MS and RS query criteria
throughout the learning processes. Initially, when the training
samples are randomly selected and the number is the same
for each class, the benefit of SimpleMKL-AL learners is not
obvious. For the SimpleMKL-AL learners, the overall aver-
age accuracy is 84.24%, compared to 82.92% of SVM-AL
learners. With increasing learning steps, SimpleMKL learners
start to show advantage, especially for the MS strategy. This
is because SimpleMKL is able to optimize a combination of
kernels that jointly maximize the sum of margins, which are
crucial to determine the hyperplane between classes. At the
200th learning step, the overall accuracies for SimpleMKL-
MS and SimpleMKL-RS are 96.90% and 93.35% respectively,
compared to 93.37% and 90.55% for SVM-MS and SVM-
RS, respectively. We can hence conclude that SimpleMKL
has greater potential for handling a larger number of features
extracted from different sources than standard SVM.

2) Comparison of Ensemble and Single AL system: In order
to adapt a classifier specific for each data source and improve
the total performance of AL, we develop a source-specific

MKL-AL algorithm using ensemble classifiers. As noted pre-
viously, MS is a good strategy for single-classifier AL system,
but it is not suitable for an ensemble system, because it can-
not exploit the potentially diverse information across different
sources. In the second part of the experiments, the proposed
MD-based EnsembleMKL method is compared with the single-
classifier MS-based SimpleMKL method. For EnsembleMKL,
two decision fusion strategies (i.e., MV and LOP) are applied
after each learning step to generate the classification map and
assess the classification accuracies. For completeness, the RS
criterion is also considered. The obtained results are reported in
Fig. 4(a) and (b).

In Fig. 4(a), results from the EnsembleMKL-MD meth-
ods are compared to those from the single-classifier-based
SimpleMKL-AL methods. The proposed method achieved
higher overall accuracies in general. Among all learning strate-
gies, the EnsembleMKL-MD-LOP performs the best with an
overall accuracy of 86.13% at the beginning with 20 samples
each class and 98.38% after 200 iterations. EnsembleMKL-
MD-MV learns no better than the SimpleMKL-MS learner at
the first 5 steps, but it starts to improve after that. Both ensemble
methods show significant improvements compared to the base-
line SimpleMKL-RS. The increase of the accuracy is 5.00%



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

10 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING

Fig. 8. Class specific accuracies (left) and cumulative number of selected samples (right) at different learning steps. (a) SimpleMKL-MS: 2 sources.
(b) EnsembleMKL-MD-LOP: 2 sources. (c) SimpleMKL-MS: 6 sources. (d) EnsembleMKL-MD-LOP: 6 sources.
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Fig. 9. Spatial locations of newly selected samples at the final AL step for (a) SimpleMKL-MS and (b) EnsembleMKL-MD-LOP. All six sources were used.

TABLE III
CLASS ACCURACIES (%), OVERALL ACCURACIES (OA%), AND STANDARD DEVIATIONS (STD.%) OF DIFFERENT AL METHODS

and 3.95%, respectively, for LOP and MV at the final step.
Furthermore, it is much faster for EnsembleMKL learners to
reach a high accuracy and converge than SimpleMKL learner.
In Fig. 4(b), we compare the MD and RS criteria in conjunc-
tion with EnsembleMKL method. It is evident for both decision
fusion strategies (i.e., MV and LOP) that the MD-based AL
strategy produces higher accuracies than RS. Therefore, the
MD criterion, which has previously been shown to work well
as a multiview method for single-source hyperspectral data [9],
has been demonstrated to be also suitable for this multisource
scenario.

3) Comparison of the number of sources: In this section,
we compare the performance of different AL strategies using
different sources and consequently different numbers of fea-
tures. Specifically, four scenarios are considered. 1) Orig: two
sources represented by the original hyperspectral and LiDAR
pseudo-waveform data. 2) Texture: texture features extracted
from hyperspectral and LiDAR pseudo-waveform in addition
to the original data for a total of four sources. 3) EMAP:
EMAP features extracted from hyperspectral and LiDAR DSM

in addition to the original data for a total of four sources. 4) All:
all the six sources.

A comparison of the overall accuracies at final AL step, i.e.,
by considering 1300 training samples, using different numbers
of sources is shown in Fig. 5. OA increases as more sources and
more diverse features are included in the system. It thus justifies
our assumption that a combination of different types of features
can provide complementary information of land-cover which is
useful for classification.

Specially, Fig. 6 shows the improvements of using all fea-
tures compared to the original features during the learning.
From the results, it is clearly shown that the performance is
much better when all the features are included in both single
and ensemble AL systems. The improvement is 4%–5% for
AL learners with all features compared to that with original
features.

4) Class specific analysis: Classification maps obtained at
the final step of different AL approaches are reported in Fig. 7.
The class accuracies and statistical number of samples selected
from each class by different MKL-AL strategies are shown
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in Fig. 8. There is a general trend of accuracy increase for
most of the classes when more sources and more classifiers are
involved. From the results in Fig. 8(a) and (c), most of the sam-
ples selected by SimpleMKL-MS are from the classes with low
accuracies at the beginning, such as Class 9: Road, Class 10:
Highway, and Class 12: Parking Lot 1. When samples from
these classes are added to the training set, there is an obvi-
ous increase of accuracy during the learning. For example, in
Fig. 8(c), the accuracy of Class 9 is 74.49% at the beginning
when only 20 randomly selected samples are used. As the learn-
ing progresses, the accuracy increases to 84.47% and 95.59%
after 100 and 200 iterations, and the corresponding number of
selected samples from Class 9 is 98 and 208 respectively. For
EnsembleMKL-AL in Fig. 8(b) and (c), the selection of sam-
ples from different classes seems to be more uniform than in
SimpleMKL-AL. As a result, it increases the accuracies of most
classes and thus overall accuracy as well. The spatial locations
of newly selected samples at the final AL step for SimpleMKL-
MS and EnsembleMKL-MD-LOP methods are shown in Fig. 9.
From the results, we found that the selection of samples from
different classes using Ensemble MKL-AL seems to be more
uniform than using SimpleMKL-AL. This could be the rea-
son that Ensemble MKL-AL converges much faster and has a
higher accuracy.

In Fig. 8(b), morphological features and object-based tex-
ture features are added to the single-classifier MKL-AL system,
indicating that the combination of spatial features can improve
the classification performance of most classes, especially for
Road, Highway, Railway, and both Parking Lots. Comparing
class-specific accuracies in Fig. 8(c) and (d), it is clear that the
ensemble system with multiple features can further improve
the accuracies of most classes. The most significant effect
of bringing multiple features in this ensemble system is the
improvement in discrimination between the residential and
commercial area as well as different types of roads. This is due
to different morphological and textures present in these urban
structures. To be more specific, the residential and commercial
buildings are typically differentiated by their shapes and sizes,
and these properties may be directly related to different scales
of structuring elements in EMAPs. The railway and highway
classes are morphologically similar, but are constructed with
different materials and thus texture features can help to differen-
tiate these classes to some extent. Table III summarizes the class
specific accuracies, overall accuracy, and standard deviations
for different AL approaches at the final learning step.

5) Computational overhead: We conclude the experimen-
tal analysis by empirically evaluating the computational com-
plexity associated with the different methods investigated in
this paper. All the experiments were implemented in MATLAB
R2012a on a Linux system with twelve 3.2 GHz Intel(R)
processors and 32 GB RAM. The SimpleMKL toolbox [40]
was adopted for implementing single kernel SVM and MKL
approaches. The total processing time, which includes model
selection, training phase and sample selection, for running the
200 steps of the AL process and by considering the six dif-
ferent sources was 9.35× 103, 7.88× 103, and 8.19× 103 s
for SVM-MS, SimpleMKL-MS, and EnsembleMKL-MD-LOP,
respectively.

V. CONCLUSION

Multisource remote sensing data require a large quantity
of labeled data to train robust classifiers—in practice, this is
difficult and often an expensive endeavor. In this paper, we
presented an ensemble multiple kernel-based AL system that
incorporates different types of features extracted from multisen-
sor remote sensing data for classification. Data from different
sources provide the necessary diversity which is a crucial point
for constructing the classifier committee in AL. This framework
provides a new way to exploit multisensor, multifeature remote
sensing datasets for image classification.

In particular, we adopted a maximum disagreement princi-
ple for ensemble AL. Inside the learning system, probabilistic
MKL was applied as an adaptive classifier, since it can implic-
itly adapt the kernel to the data by learning appropriate weights
of predetermined kernels, eliminating the need to re-tune SVMs
at each step of the AL process. Finally, a decision fusion strat-
egy was performed to make a final decision on the probabilistic
output and obtain the final classification map. The experi-
ments validated the efficacy of the proposed framework and
provided the following conclusions. 1) MKL is a more effec-
tive and appropriate classifier for multisource AL compared to
the standard SVM classifier. 2) Ensemble classifiers improve
the performance of traditional AL substantially for this multi-
source data. The proposed EnsembleMKL-AL system greatly
outperforms the SimpleMKL-AL approach in terms of over-
all and class-specific accuracies. 3) The inclusion of different
types of sources and features, including spectral features from
hyperspectral image, elevational information from LiDAR data,
morphological profiles, and object-based textural features from
multisensor data can provide a truly “multiview” approach to
AL and image classification for a more robust classification of
the scene. We note how the maximum disagreement AL crite-
rion adopted in this paper works on the estimated labels, while
posterior probabilities are considered to fuse the predictions
given by the different classifiers and generate the final classifi-
cation map. Further improvements of the proposed solution can
be potentially obtained by considering posterior probabilities in
both parts of the process.
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