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Abstract—Very high resolution (VHR) images are large
datasets for pixel annotation — a process that has depended
on the supervised training of an effective pixel classifier. Active
learning techniques have mitigated this problem, but pixel
descriptors are limited to local image information and the
large number of pixels makes the response time to the user’s
actions impractical, during active learning. To circumvent the
problem, we present an active learning strategy that relies on
superpixel descriptors and a priori dataset reduction. Firstly,
we compare VHR image annotation using superpixel- and pixel-
based classifiers, as designed by the same state-of-the-art active
learning technique — Multi-Class Level Uncertainty (MCLU).
Even with the dataset reduction provided by the superpixel
representation, MCLU remains unfeasible for user interaction.
Therefore, we propose a technique to considerably reduce the
superpixel dataset for active learning. Moreover, we subdivide
the reduced dataset into a list of subsets with random sample
rearrangement to gain both speed and sample diversity during
the active learning process.

Keywords-Very high resolution image processing; active learn-
ing; superpixel representation; dataset reduction; supervised
classification.

I. INTRODUCTION

Pixel annotation in hyperspectral and very high resolution
(VHR) images has relied on supervised classifiers so far [1]–
[4]. However, manual selection and annotation of a sufficiently
large number of training pixels is unfeasible for very large
datasets. In order to handle large datasets, active learning
techniques have been proposed for selecting a small training
set that represents well not only all classes under annotation
but also discriminative samples on the boundary between
classes [1], [2], [5]–[8].

Such active learning process starts off with a small training
set for manual annotation. The labeled samples are then used
to train a preliminary classifier that selects and labels new
samples for user validation. The user may confirm/correct
the labels of the selected samples, increasing the size of the
training set to generate an improved classifier for the next
iteration. The process may be halted by the user once the
accuracy of the classifier reaches a certain level, which can
be verified either by cross validation on the training set or,
regarding images, by visualizing the classification of the entire
image.

The effectiveness of active learning techniques has been
substantiated in the literature as superior to a simple random
selection of samples [1], [2] even when much larger amounts
of randomly selected samples are considered. Nonetheless, the
performance of an active learning technique depends on a
clever strategy for selection of representative and discrimi-
native samples from the large unlabeled dataset. The Multi-
Class Level Uncertainty (MCLU) method is considered a
state-of-the-art approach for pixel annotation in VHR and
hyperspectral images [2]. However, works in this line evaluate
their methods restricted to a subset of the image domain for
which the pixel labels can be easily determined by the user.
Moreover, the pixel datasets are labeled and the methods are
assessed without considering the mean response time for the
user’s actions. Indeed, they are impractical from the user’s
point of view. Besides, pixel descriptors are also limited to
local image information and susceptible to noise.

We circumvent these problems by presenting an active
learning strategy based on the MCLU method that relies on
superpixel descriptors and a priori dataset reduction. The
image segmentation into a superpixel representation is done
by the Simple Linear Iterative Clustering algorithm (SLIC),
described in [9]. Other effective algorithms [10]–[13] could
also be used, but we found SLIC very accurate when it
comes to obtaining superpixels for annotation that respect the
boundaries between distinct classes. The superpixel represen-
tation initially provides a considerable dataset reduction and
also allows the combination of higher-level descriptors within
regions that respect the boundaries between classes.

Our contribution. Firstly, we demonstrate the effective
gain of the superpixel representation over the pixel representa-
tion using the MCLU active learning technique over an entire
VHR image. Secondly, given that, as such, the method is still
impractical for interactive response times, we propose an a
priori superpixel dataset reduction using the Optimum-Path
Forest (OPF) clustering technique [14]. The choice for OPF
clustering is justified by previous works on active learning [8],
[15] and its ability to find natural clusters with no shape
constraints or need to specify a number of clusters. Under OPF,
each cluster is an optimum-path tree rooted at a maximum
of the dataset’s probability density function. The roots are
likely to cover all classes, and the samples on the boundaries



between clusters are likely to be the most discriminative
ones for class separation. Therefore, our approach selects the
roots and a few random samples from the boundary set to
compose the first training set for manual annotation. The
MCLU technique is based on Support Vector Machine (SVM)
classification. Hence, the first instance of the SVM classifier
is applied to select a reduced set from the entire dataset with
the most uncertainty samples. Moreover, we subdivide the
reduced dataset into m subsets and include them in a queue to
improve efficiency. The active learning process uses one subset
per iteration until the queue is empty. Then, the unlabeled
samples of these subsets are merged and randomly rearranged
to compose a new queue of subsets, in order to attain sample
diversity in the subsets for the next m iterations. The result
is a feasible and very effective active learning approach, as
demonstrated here.

Organization. Section II presents background on ac-
tive learning, explains the MCLU method, and describes
the SLIC algorithm for superpixel representation. Section III
explains our proposal for data reduction and efficiency gain
in active learning. Section IV describes the experiments that
compare pixel- versus superpixel-based classifiers and shows
the efficiency gain in the selection process of the MCLU
technique with the superpixel representation. Section V states
our conclusion and discusses future work.

II. ACTIVE LEARNING FOR IMAGE CLASSIFICATION

Active learning techniques aim to iteratively select the most
informative samples from a given unlabeled dataset U for
training a supervised classifier. In the first step, a few unlabeled
samples are selected for manual annotation, forming an initial
training set T . A classifier C is trained with the labeled set
T and a query function Q uses C to classify and select a
set X of a few more informative unlabeled samples from U .
Then the user confirms or corrects the labels of the selected
samples. The labeled samples in X are included into T and
the classifier C is retrained with the new training set. This
process is repeated until the user is satisfied with the accuracy
of the classifier C. Algorithm 1 describes a general procedure
for active learning.

Algorithm 1 A general procedure for active learning.
1: Select a set T ⊂ U of unlabeled samples for user

annotation.
2: Train an initial classifier C with the annotated set T .
3: Classify the unlabeled samples in U .
4: repeat
5: The query function Q uses C to label and select a new

set X of samples from U .
6: The user confirms/corrects the labels of X and T is

increased by X .
7: Retrain the classifier C with the new set T .
8: until the user is satisfied with the accuracy of C, as

observed in Line 6.

Generally, active learning techniques only differ on the

query function Q. In [2], the method Multi-Class Level Uncer-
tainty (MCLU) is proposed for the problem of remote-sensing
image classification, demonstrating high accuracy rates for the
problem.

A. Multi-Class Level Uncertainty

The Multi-Class Level Uncertainty (MCLU) technique is
based on Support Vector Machine (SVM) classification [16]
— one of the most successful methods in pattern recognition,
which has inspired many other active learning techniques [7],
[17]–[20]. The MCLU technique selects the unlabeled samples
with higher uncertainty in classification among all samples in
the dataset U . The uncertainty criterion is defined by a function
c(x), x ∈ U , which is calculated on the basis of the signed
distances di(x), i = 1, 2, . . . , n, from sample x to each of the
n decision boundaries (n classes) of the one-versus-all SVM
classifier [21]. The distance set {d1(x), . . . , dn(x)} for every
x ∈ U is computed and the confidence value c(x) can be
computed in two ways, as explained in [2]: 1) The smallest
distance to the hyperplane given by

cmin(x) = min
i=1,2,...,n

{abs(di(x))} (1)

and 2) The difference between the first and second largest
distance values to the hyperplanes given by

max1 = argmax
i=1,2,...,n

{di(x)} (2)

max2 = argmax
i=1,2,...,n,i6=max1

{di(x)} (3)

cdiff(x) = dmax1(x)− dmax2(x). (4)

The function cmin(x) models the uncertainty taking into
account the minimum distance to the hyperplanes. Moreover,
the function cdiff(x) models the uncertainty using the two most
likely classes. If cdiff(x) is small, the label attribution is more
uncertain. In this work, we use MCLU with cdiff(x) function
to model uncertainty. The |X| (cardinality of X) samples with
lower c(x) values are selected to be displayed to the user. The
MCLU technique is validated in [2] on one VHR image and
two hyperspectral images. In both cases, they used pixels as
samples and their values in each band to compose the pixel
descriptors. In this work, we propose the use of superpixels
as samples for VHR image classification.

B. Superpixel generation

Recently, superpixels have received special attention to
speed up graph-based image segmentation [22]. Image seg-
mentation into superpixels aims at grouping pixels into ho-
mogeneous regions that capture the image redundancy. The
superpixel representation allows higher-level image descriptors
as compared to the pixel representation. In [9], many state-
of-the-art techniques are compared to each other under two
metrics: boundary recall and under-segmentation error. The
Simple Linear Interactive Clustering (SLIC) technique was
found to be effective for both metrics. Therefore, we use
the SLIC technique in order to divide the VHR image into
homogeneous regions (superpixels).



SLIC is based on the k-means algorithm and relies on
two parameters: the number of desired superpixels |U | and a
compactness parameter t. Each pixel is described by a vector
~v of its Lab color bands and the pixel location (horizontal
and vertical coordinates): ~v = [L, a, b, x, y]. The procedure
begins with the initialization of the |U | cluster center vectors:
C1, C2, ..., C|U |. Those clusters are sampled on a regular grid
spaced S pixels apart, S =

√
N/|U |, where N is the number

of pixels of the image. To avoid seeding a superpixel in a
noisy location, the centers are moved to the lowest gradient
location in a 3×3 neighborhood. Then, each pixel is assigned
to the nearest cluster center in a region of 2S × 2S window
around it, which reduces the number of distance calculations.
Equation 5 is used to compute the distance between a pixel p
and a cluster center Ci:

D =

√
d2c +

(
ds
S

)2

t2, (5)

where dc is the Euclidean distance between the color of p and
the cluster center Ci, and ds is the Euclidean distance between
the location of p and the location of the cluster center Ci. The
compactness parameter t weighs the relative importance of
color similarity and spatial proximity.

The update step moves the cluster centers to the mean vector
of all the pixels that belong to the cluster. The assignment
and update steps are repeated until convergence or a limit of
iterations is achieved. Finally, a post-processing step assigns
the disjoint pixels to one of the |U | cluster centers, reinforcing
the connectivity and oversegmenting the image into |U | super-
pixels. Figure 1 shows an image fragmented into superpixels
as obtained by SLIC.

Fig. 1. Superpixels superimposed onto the original image

In typical VHR image classification tasks, the noise of the
color/intensity features of the pixels may cause misclassifi-
cation. In contrast, the superpixel texture features provide a
more robust and higher-level image description. The feature
vector used in the pixel-based classification of VHR images

is the color bands of the pixel. In the case of superpixels,
many color and texture descriptors can be used. We chose to
use the concatenation of four region descriptors used in image
segmentation and classification tasks [22], [23]:

1) Mean color: Mean color of the pixels contained in the
superpixel.

2) Color histogram [24]: It is a widely used descriptor,
which quantizes the color space in an uniform way and counts
the number of pixels that belong to each bin. The size of the
descriptor depends on the number of bins. In this work, we
split the color space into 512 bins.

3) Local binary patterns (LBP): This method encodes the
texture features from grayscale intensity images by comparing
each pixel intensity with the intensities of its neighboring
pixels [25]. An eight bit code is assigned to every pixel, based
on its eight neighboring intensity values (3× 3 neighborhood
of the pixel). A bit i of the 8-bit code is set to 1 when the
i-th neighbor of a pixel p has an intensity value higher than or
equal to the one of p. The descriptor is a 256-bin histogram
of the pixel codes.

4) Border interior pixel classification (BIC) [26]: This de-
scriptor has been successfully applied to content-based image
retrieval [27] and classification of remote sensing images [23].
In this method, the pixels in the image are classified as border
or interior pixels. The pixel colors are quantitized and a pixel
is classified as interior when it is in the same level of its four
neighbors. Otherwise, it is classified as border pixel. Then, a
512-bin histogram computed for interior pixels is concatenated
with a 512-bin histogram computed for border pixels.

III. DATASET REDUCTION METHOD

Active learning methods usually randomly select the initial
training set and classify and/or sort the entire dataset at every
iteration of the process. For large datasets, the latter makes
the response time for the user’s actions impractical [8].

In this work, we propose a data reduction method to
circumvent the problem. Inspired on a recent work [8], our
approach also explores the Optimum-Path Forest (OPF) clus-
tering algorithm [14] for dataset reduction and initial training
sample selection. However, differently from [8], we select the
initial training samples as the representative cluster samples
and randomly selected samples from the boundary between
clusters; and then reduce the dataset by using the resulting
SVM classifier from the initial training set.

The OPF clustering algorithm represents a dataset as a graph
whose nodes are samples and each node is connected with
its k-nearest neighbors in the feature space. The probability
density function (pdf) in every node is estimated from the
distance between adjacent samples and a connectivity function
is designed so that the maximization of a connectivity map
defines an optimum-path forest, and each maximum of the pdf
becomes root of an optimum-path tree (cluster), composed by
the most strongly connected samples to the maximum than to
any other root.

The initial classifier should be as effective as possible
because the proposed reduction method is based on the clas-



sification results of the first classifier. Clustering is performed
in order to find representative samples that are likely to cover
all classes, as well as, uncertainty samples between classes,
which are likely to be on the boundary between clusters. The
roots of the clusters (maxima of the pdf) and a small set of
randomly selected boundary samples are then annotated by the
user to form a small initial training set T .

Figure 2 illustrates the pipeline of the proposed active learn-
ing method based on dataset reduction. Before the learning
cycle, the samples of the labeled set T are used to train the
classifier C. Then, the query function Q uses C to classify the
entire set of unlabeled samples U . These unlabeled samples
are sorted according to the uncertainty criterion in Equation 4
— lower is the confidence value c(x), higher is the uncertainty
value of the sample x. The |U |/r most uncertainty samples
form the reduced set R. Note that the value of r controls the
size of the reduced set.

Fig. 2. Pipeline of the proposed data reduction active learning method

In order to further reduce the number of unlabeled samples
that have to be classified in the query function Q at every
iteration, we propose to split the reduced set R into m equal-
sized subsets {R1, . . . , Rm} of random samples, and include
these subsets in a queue L for processing, one per iteration,
until L is empty. After the m-th iteration, the unlabeled
samples in R are merged, randomly divided into new m
subsets {R1, . . . , Rm}, and included again in L for the next
m iterations. This strategy also aims to attain sample diversity
in these subsets along the iterations. Algorithm 2 describes the

proposed method.

Algorithm 2 Active learning algorithm with dataset reduction.
1: Cluster the set of unlabeled samples U with OPF and

select root and boundary samples, which are annotated by
the user to form the initial training set T .

2: Train the classifier C with the labeled set T .
3: The query function Q uses C to classify and sort the sam-

ples in the unlabeled set U according to the uncertainty
criterion.

4: Select the |U |/r most uncertainty samples from U to form
the reduction set R.

5: Divide the set R into m subsets {R1, ..., Rm} and put
them in the queue of subsets L.

6: repeat
7: The query function Q uses C to classify and select a

set of samples X from the next subset of unlabeled
samples in the queue of subsets L.

8: The user confirms/corrects labels and T is increased by
X .

9: Retrain the classifier C with the new set T .
10: If the m subsets are processed, then merge the subsets

{R1, ..., Rm} and divide them again into m subsets for
L.

11: until the user is satisfied with the accuracy of C.

In the learning cycle of the active learning process (Line
6), the query function Q uses C to classify and select a set of
samples X , which are the most uncertain samples in the next
subset of the queue of subsets L. In our implementation, the
query function Q used is the MCLU. The user confirms or
corrects the labels of the samples selected by Q and the set T
is increased by X (Line 8). Then, the classifier C is trained
with the new training set T . If the m subsets in the queue L
have been processed, the subsets are combined and randomly
divided again into m subsets and rearranged in a queue of
subsets L (Line 10). These steps are repeated until the user
is satisfied with the accuracy of the classifier C. Note that
any other query function could be used instead of the MCLU
technique.

IV. EXPERIMENTS

In this section, we describe the experiments conducted to
compare superpixel- and pixel-based classification, and to
evaluate the proposed data reduction method. In all experi-
ments, each method was run ten times, so each graph reports
the mean of these runs.

A. Dataset

Given that annotated VHR images are presently scarce, we
opted for manually annotating a VHR image acquired on the
Vatican City in April 2004. It is a 2847× 2817 natural color
image obtained from the Mapmart QuickBird satellite imagery
samples website. The image was labeled with seven classes of
interest (Road, Shadow, Tree, Water, Building, Grass, and Bare
soil). In many remote sensing image classification works [1],



[2], [28]–[30], the labeled dataset is restricted to some part of
the complete image and this set of samples is often partitioned
into three sets: training, learning, and test. In the present
work, we focus on a real-world application where the labeling
process should be applied to all pixels in the image. In all
experiments, we selected an initial small set comprised of 64
samples. For the proposed approach, the 64 samples include
the roots of the clusters (in order to guarantee samples from
all classes) and samples from the boundary between clusters.
The rest of the samples form the learning set. In every iteration
of the active learning process, the training set grows and the
number of samples in the learning set decreases. The VHR
image and the ground truth image are shown in Figure 3.

B. Superpixel vs Pixel

To do a comparison between the pixel- and superpixel-based
approaches for the task of VHR image classification, we used
the active learning method MCLU with the same number
of initial training samples and an equal number of samples
labeled per iteration. Note that retrieving N samples per itera-
tion, in the case of pixel representation, also limits the size of
the region covered in the image with respect to the superpixel
representation, in each iteration. Retrieving more pixels per
iteration than superpixels would result in a considerably higher
user effort in verifying the classes suggested for the returned
samples. In all experiments, the active learning methods select
14 samples, twice the number of classes (as suggested in [31]),
to be validated by the user in each iteration. As explained in
Section II, the descriptor used for superpixels is a combination
of four descriptors: Mean color, Color histogram, Local binary
patterns (LBP), and Border/ Interior Classification (BIC). The
compactness parameter used to generate the superpixels by
the SLIC algorithm was t = 15, and the color of the
pixel in the Lab color space was chosen as pixel descriptor.
The overall accuracy of the two approaches is presented in
Figure 4. The superpixel-based classification is consistently
superior in comparison with the pixel-based classification. In
both approaches, the initial training sets are composed of 64
randomly selected samples. In order to set the parameters of
the SVM-RBF classifier of the MCLU technique used in the
experiments, we performed a grid-search model selection in
the first and fifth iterations for the pixel and superpixel-based
approaches.

C. Dataset reduction

The VHR image used in the experiments is comprised of
|U | = 24968 superpixels obtained by the SLIC algorithm.
The time in the selection process of the MCLU method is
not suitable for an application where interactive response
times are expected (we measured 87 seconds on average). As
baseline for the comparison of the superpixel-based methods,
we used a random sampling method that selects samples from
the learning set to be validated by the user. The proposed
MCLU method of data reduction was validated with the same
configurations as the MCLU method. Thirty percent of the
entire set of unlabeled samples was selected to form the

Fig. 3. a) Vatican City, VHR image b) Ground truth image

reduced set (1/r = 0.3), which was divided into m = 4
subsets. Note that these two parameters controls the number
of samples selected in each iteration. In Figure 5, we present
the overall accuracy for the proposed MCLU method with data
reduction in comparison with the original MCLU method and
a Random Sampling selection strategy. In Figure 6, we present
the time spent per iteration for the both MCLU selection
strategies.

As illustrated in Figure 5, the accuracy of the MCLU
with data reduction is comparable to the one achieved by



Fig. 4. Overall accuracy Superpixel vs Pixel classification.

Fig. 5. Overall accuracy MCLU and proposed MCLU-data reduction.

the original MCLU method. However, the computing time is
remarkably smaller as one can observed in Figure 6.

The data reduction process and the grid-search performed
for parameter selection of the SVM-RBF classifier causes the
peak to be in the first and fifth iterations as seen in Figure 6.

V. CONCLUSION

In this paper, we have shown that interactive classification of
very high resolution images, through active learning sessions,
benefits more from a superpixel-based approach than from a
pixel-based one.

We have also proposed a method that reduces and rearranges
the dataset, lowering the computing time of the selection
process (from 87 to 9 seconds on average) and keeping similar
accuracy in comparison with the active learning method that
processes the entire set of unlabeled samples. This cutback in
time makes user interaction feasible in active learning.

One of the main reasons for the success of our method is
the effectiveness of the procedure that selects samples for the

Fig. 6. Time by iteration MCLU and proposed MCLU-data reduction.

initial training set, which allows us to design an effective first
classifier for data reduction.

As future work, we plan to extend the proposed data
reduction method by including a diversity criterion in the
selection process. We also intend to carry out experiments
to evaluate our method in an ample range of hyperspectral
images.
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