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Abstract—Conventional supervised content-based remote sens-
ing image retrieval systems require a large number of already
annotated images to train a classifier for obtaining high retrieval
accuracy. Most systems assume that each training image is
annotated by a single label associated to the most significant
semantic content of the image. However, this assumption does not
fit well with the complexity of RS images, where an image might
have multiple land-cover classes (i.e., multi-labels). Moreover,
annotating images with multi-labels is costly and time consuming.
To address these issues, in this paper we introduce a semi-
supervised graph-theoretic method in the framework of multi-
label RS image retrieval problems. The proposed method is
based on four main steps. The first step segments each image
in the archive and extracts the features of each region. The
second step constructs an image neighborhood graph and uses
a correlated label propagation algorithm to automatically assign
a set of labels to each image in the archive by exploiting only
a small number of training images annotated with multi-labels.
The third step associates class labels with image regions by a
novel region labeling strategy, whereas the final step retrieves the
images similar to a given query image by a subgraph matching
strategy. Experiments carried out on an archive of aerial images
show the effectiveness of the proposed method when compared
to the state-of-the-art RS CBIR methods.

Index Terms—Content-based image retrieval, correlated label
propagation, multi-label categorization, region adjacency graph,
remote sensing, semi-supervised learning, subgraph matching.

I. INTRODUCTION

W ITH the advancement of satellite technology, the vol-
ume of remote sensing (RS) image archives and the

amount of information that can be extracted from them have
largely increased. As a result, content-based image retrieval
(CBIR) has recently become an important topic of research
in RS in order to keep up with the growing need of au-
tomatization. A CBIR system generally has two main steps
[1]: 1) Feature extraction in which the images are described
and represented by a set of features, and 2) Image matching
in which the query image is matched based on the features
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with all the images in the archive and the most relevant
images are retrieved. Accordingly, the performance of the
CBIR systems depends on the capability and effectiveness of:
i) the extracted features in characterizing the semantic content
of the images; and ii) the retrieval algorithms in evaluating the
similarity among the considered features. In the RS literature,
global image representations based on a set of local descrip-
tors have been found effective. As an example, in [2] local
descriptors extracted by the scale invariant feature transform
(SIFT) and their bag-of-visual-words representations have been
introduced. In [3], bag-of-morphological-words representations
of local morphological texture descriptors are computed in
the context of CBIR. Local Binary Pattern (LBP) and Local
Phase Quantization (LPQ) descriptors, introduced in [4], are
defined by initially assigning a binary code to each image
pixel by thresholding its neighboring sample values and then
computing a histogram of the codes. After extracting the image
descriptors, image retrieval is achieved using the k-Nearest
Neighbor (k-NN) algorithm or an optimized search strategy
[2]–[4], where the retrieval system ranks the images based on
their feature similarity with the query image and then displays
the most similar images in the order of similarity. All the above
mentioned descriptors are potentially effective in modeling RS
image content, but they do not model the possible primitives
(such as different land-cover classes) present in images and
their relationships. This may result in a large semantic gap
between the low-level features and the high-level semantic
concepts present in RS images.

To narrow down the semantic gap and improve the re-
trieval performance, few promising supervised and unsuper-
vised methods have been developed in RS. In [5], a system to
efficiently and accurately perform content-based shape retrieval
of objects from an RS image archive is presented. In [6], [7],
methods which model images using graphs (which effectively
capture both region characteristics and the spatial relationships
among the regions) and compare the similarity among the
images using graph matching techniques have been introduced.
In our previous paper [6], we have introduced an unsupervised
RS image retrieval approach in which each image in the
archive is modeled as an attributed relational graph, where
the nodes represent region properties and the edges represent
the spatial relationships among the regions. Image similarity
is then estimated using an inexact graph matching strategy,
which jointly exploits a subgraph isomorphism algorithm (for
node matching) and a spectral embedding algorithm (for edge
matching). This approach has been found to be very promising,
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but it may lead to less accurate retrieval results for query
images with highly complex semantic content. In [7], image
regions are obtained in a supervised manner using pixel-
based classifiers and an iterative split-and-merge technique
and scenes are then modeled by attributed relational graphs.
As also presented in [8], supervised retrieval methods, which
require a large number of already annotated images to train
the considered classifier, have been found very effective to
reduce the semantic gap. However, most of the existing su-
pervised methods consider each of the training images to be
annotated by only a single label describing the most significant
connotation of the image in terms of land-cover classes. Fig.
1(a) shows an image that was categorized as baseball diamond
in a well-known RS archive (see Section III for the details
on the archive), but one can see that it contains 3 different
primitive classes, such as grass, buildings and bare soil. On
the other hand, Fig. 1(b) and 1(c) contain the same primitive
classes but, in the considered archive, they were categorized
as dense residential and medium residential respectively. We
would like to point out that single (broad category) labels
to categorize images may be sufficient for some particular
applications, but region level description is required for more
complex applications. For example, to distinguish between a
beach and a residential area, it is not necessary to separately
label ‘sea’, ‘sand’, ‘buildings’, etc. However, it is very difficult
to distinguish between categories like ‘dense residential’ (e.g.,
see Fig. 1(b)) and ‘medium residential’ (e.g., see Fig. 1(c))
using broad category labels only, as this requires information
about the spatial arrangement of the buildings, pavement etc.
Moreover, the multiple class labels (multi-labels) given to an
image usually have co-occurrence relationships, i.e., land-cover
classes are correlated with each other. For example, land-cover
classes such as buildings and pavement are more likely to be
assigned to the same image and are thus highly correlated.
Hence, the characteristics and geometric arrangement of the
multiple primitive classes present in the images are crucial for
an efficient retrieval. Accordingly, CBIR methods that properly
exploit the multi-labels in RS images are required.

(a) grass, buildings, bare
soil, pavement

(b) buildings, pavement,
trees, cars

(c) buildings, pavement,
trees, cars

Fig. 1: Examples of images in the considered archive and the multi-labels
associated with them.

To address these problems, multi-label learning methods
have been recently found very promising in computer vision
literature for multi-label image search and retrieval problems,
where multiple class labels are simultaneously assigned to each
image [9]–[14]. In [9], one versus all Support Vector Machine
(SVM) classifiers are used for multi-label scene categorization,
where each classifier is trained to solve a binary classification
problem defined by one primitive class against all the others.

In [10], image regions are classified using one versus one
SVM classifiers and an optimal feature subset is selected from
standard visual features using a genetic algorithm. The multi-
label annotations of the query image are refined using the
PageRank algorithm and text-based retrieval is performed at
the end. In [11], multi-label k-NN is introduced, which adopts
a maximum aposteriori principle to determine the label set of
the query image based on the statistical information derived
from the label sets of its k nearest neighbors. In [12], canonical
correlation analysis, which learns a common subspace and
finds the correlation between image features and textual tags, is
exploited to perform cross-modal retrieval. In [13], simultane-
ous recognition and localization of multiple classes in images
are performed using random forests, dense pixel matching
and genetic algorithm optimization. A comparative study of
multi-label classification methods for image annotation and
retrieval problems is given in [14]. However, the use of multi-
label image retrieval methods is seldom considered in RS. As
an example, in [15] multi-label RS image retrieval system
is presented. This system initially produces a classification
map of the query image and of each image in the archive by
using an object-based SVM classifier and neglects the images
that do not include the same land-cover classes as the query
image. Then, the remaining images are represented by graphs
based descriptors and a graph matching technique is applied to
retrieve the most similar images to the query image. However,
this system has the limitation that in order to perform region
classification, it requires a reliable pixel-based training set that
is representative of all the land cover classes within each image
in the archive (which is critical in large RS archives). We would
like to emphasize that pixel-based RS image classification is
appropriate for land-cover maps generation problems (where
there is a need to classify only a single image), but it is not
practical and efficient in real RS image search and retrieval
applications, especially when huge archives of RS images are
considered. Moreover, collecting annotations on multi-labels is
time consuming and costly.

To overcome the above-mentioned critical issues, in this
paper we propose a semi-supervised graph-theoretic method
in the framework of multi-label RS image retrieval problems.
The proposed method is based on four main steps: i) Image
segmentation and feature extraction; ii) Multi-label image
categorization; iii) Automatic region labeling; and iv) Image
retrieval. The method requires that the user initially selects
a small fraction of images in the archive as training images,
assigns multiple class labels to each image depending on the
primitive classes present in it and also annotate a few regions
of those images with the corresponding labels. Then, the first
step segments each image in the archive into semantically
meaningful regions and extracts features from these regions.
The second step aims to automatically assign multi-labels
to each image in the archive by using a graph-based semi-
supervised algorithm. In this algorithm, a neighborhood graph
is initially constructed taking all the images in the archive,
where the nodes represent the images and the edges represent
the neighbors of the images in terms of similarity. Then, the
class labels of the training images are propagated using a
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correlated label propagation method to the unlabeled images
to associate them with multiple labels. Once the user selects
an image for query, the system determines the multi-labels
associated with the query image and filters out all the images
from the archive which do not have those labels. In the third
step, the small amount of region labels of the training images
is used to associate the multi-labels of each image to the
corresponding regions in the image. The fourth step consists of
constructing a vertex-labeled edge-weighted undirected graph
for each image and matching the graphs using the spectral
matching algorithm [16]. Finally, the images similar to the
query image are retrieved in the order of graph similarity
values. The proposed method is semi-supervised because in the
second step, the structure of both labeled and unlabeled data
in the feature space (i.e., region descriptors of each image) is
used together with labels of regions in the training images.
The novelty of the proposed system is the introduction of a
semi-supervised graph-theoretic method in the framework of
content-based multi-label remote sensing image retrieval.

In order to evaluate the performance of the proposed method,
we consider a benchmark archive that is frequently used
in RS for CBIR problems (see Section III). In the current
literature, the images within the considered archive have been
annotated by using only one category label, whereas to use
it in our experiments we have relabeled and annotated them
with multi-labels by visual inspection. Experiments carried
out on the multi-labeled archive demonstrate the effectiveness
of the proposed method in terms of the retrieval accuracy.
The rest of the paper is organized as follows. Section II
describes the proposed method explaining the various steps
involved. Section III illustrates the benchmark archive and the
experimental settings. Experimental results and discussion are
given in Section IV, while Section V draws the conclusion of
the work.

II. PROPOSED METHOD

A. Problem formulation

Given a query image Xq and an archive X =
{X1,X2, . . . ,XI} of I RS images, the aim of the proposed
semi-supervised method is to retrieve all images from the
archive having a similar pattern of regions as the query image.
At first, a few images are randomly chosen from X to form
a set T of training images. Let L = {1, 2, . . . , |L|} be the
set of all possible class labels associated with the images in
the considered archive. Each training image Xt ∈ T is then
associated with a vector Lt = [l1t , l

2
t , . . . , l

|L|
t ] of labels, where

lct = 1 if Xt contains the class label c ∈ L and lct = 0
otherwise. Let rpt be the pth labeled region in the set of P
labeled regions of Xt ∈ T, where P is a small number. Each
class label present in Xt is then assigned to at least one of
the P regions until all the P regions are labeled. Complete list
of the notations and the related definition used in this paper
is given in Appendix. In order to retrieve the visually most
similar images to Xq from X using the multi-label information
of the images, the proposed method is characterized by four
main steps: i) Image segmentation and feature extraction; ii)
Multi-label image categorization using the multi-labels of the

training images, iii) Automatic region labeling using a few
region labels of the training images, and iv) Image retrieval
based on a subgraph matching strategy. Fig. 2 presents the
block scheme of the proposed semi-supervised graph-theoretic
method. The steps are explained in detail in the subsequent
subsections.

B. Image segmentation and feature extraction

This step aims to obtain the regions and their features from
each image in the archive. To obtain the regions, each image Xi

is segmented into ni semantically meaningful regions which
form the set {r1i , r2i , . . . , r

ni
i }, where rki is the kth region of

Xi. Unsupervised segmentation of the images is achieved using
the parametric kernel graph cut algorithm [17]. The algorithm
initially involves implicit mapping of the non-linearly separable
image data into a higher dimensional space using a kernel
function. Then the objective functional is optimized using an
iterative two-step process: 1) fixing the labeling and minimiz-
ing the functional with respect to the region parameters; and
2) given the region parameters, minimizing the functional with
respect to the image partitioning. This ensures the convergence
of the algorithm and gives optimally segmented regions. It is
worth noting that the proposed method is independent of the
choice of the segmentation algorithm. However, the accuracy of
the segmentation results semantically affect the performance of
the proposed CBIR technique. Hence an efficient unsupervised
segmentation algorithm which segments images into semanti-
cally meaningful regions should be chosen. After segmentation,
features are extracted from each region to create a feature
vector fki for each region rki . The reader is referred to Section
III for detailed information about the features used in our
method.

C. Multi-label image categorization

This step aims to assign multi-labels to each image in the
archive as well as to the query image based on the charac-
teristics of the regions present in the image. The multi-label
image categorization task is achieved in three substeps. Firstly,
a neighborhood graph is constructed using the images in the
archive as the nodes and their feature similarity relationships
as the edges. Secondly, class labels are propagated from the
training images to the unlabeled images to obtain their label
scores using the edge weights determined from the image pair
distances. Finally, the label scores of the unlabeled images are
thresholded appropriately to convert them into binary values,
thereby associating each image in the archive with class labels.
Thus, this step adopts a semi-supervised approach to label
the unlabeled images with a few multi-labeled images by
exploiting the correlation that exists among the multi-labels.
The substeps are described below.

1) Neighborhood graph construction: This substep aims to
construct a graphical structure with the images as nodes such
that each image is connected to only a few images in its
neighborhood. A neighborhood graph for an archive is defined
as a graph G = (X,E,W), where E is the set of graph edges
and W ∈ RI×I is the weight matrix of the graph containing
edge information. Each node represents an image Xi in the
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Fig. 2: Block diagram of the proposed semi-supervised graph-theoretic method

archive and Ni denotes the set of K neighboring images of
Xi according to some similarity measure. An edge is defined
between Xi and Xj if Xj ∈ Ni and is then assigned a
corresponding weight W(i, j) so as to minimize the following
value [18]:

ζ =

I∑
i=1

||Xi −
∑

j:Xj∈Ni

W(i, j)Xj ||2 (1)

s.t. W(i, j) ≥ 0 ∀ i, j and
∑

j:Xj∈Ni

W(i, j) = 1

The intuitive idea behind minimizing the above cost function is
to approximate each image representation by a weighted linear
sum of the image representations lying in its neighborhood.
Hence, the weights W(i, j) are also known as the reconstruc-
tion weights. The values of W(i, j) for those values of i, j for
which edges do not exist are set to 0.

In order to compute the reconstruction weight W(i, j) that
satisfies (1) for all Xj ∈ Ni, the distances between Xi and
each Xj are computed, then arranged in descending order (so
that the most similar image to Xi is placed at the beginning
of the order and the least similar one at the end) and then
normalized to sum-to-one. Thus higher the similarity of an
image with its neighbor, higher is the weight assigned to the
corresponding edge connecting them in the graph G. The same
process is repeated for each Xi, i = 1, 2, . . . , I to construct
the final weight matrix W of the neighborhood graph. The
features and the distance metric we have used to find the
nearest neighbors of an image are given in Section III.

2) Correlated label propagation: After the calculation of
the reconstruction weights of the neighborhood graph, we aim
to transmit the class labels from the training images to the
unlabeled images. Most of the prevalent approaches propagate
the labels independently without taking into consideration the
inherent correlation that exists among the multi-labels. In the
proposed method, we adopt the scheme introduced in [18] to
exploit this correlation and thereby propagate the labels all at
a time. The label vector of an unlabeled image is obtained as
a weighted combination of the label vectors of its neighboring
images. This is due to the fact that an image most likely

contains the same primitive classes as the ones present in its
similar images with the most similar image having the greatest
influence.

In order to form the weighted combinations, we create a
matrix of the label vector values, as in [18], and update the
values of the matrix by performing elementary row operations
using the reconstruction weights in W. We start by creating
a matrix Y ∈ {0, 1}I×|L|, whose ith row is equal to the label
vector Li of Xi ∈ X. The label vector of an unlabeled image
Xt′ ∈ X \ T is initiated to Lt′ = {0}1×|L|. A matrix Ỹ is
then initialized with the values of Y and subsequently updated
by performing the following iteration until the values of Ỹ
converge.

Ỹ = βWỸ + (1− β)Y (2)

Here β (0 < β < 1) is a parameter that determines the amount
of label information each image receives from its neighbors
compared to its existing label information. Hence after each
iteration, the new label vector of an image is the weighted
average of its original label vector and a weighted combination
of the label vectors of the most similar images. After the
convergence, Ỹ(i, c) ∀ i = 1, 2, . . . , I denotes the cth label
score for Xi. The convergence analysis of (2) is given in
[18]. It is to be noted that although the values of the label
vectors are known for the training images, they are changed
to real-valued label scores during the iteration of (2). These
changed values are used for label score binarization in the next
substep. Each image Xt′ ∈ X \ T is now associated with a
vector L̃t′ = [l̃1t′ , l̃

2
t′ , . . . , l̃

|L|
t′ ] of real-valued label scores, where

l̃ct′ = Ỹ(t′, c).

3) Label score binarization: This is the last substep of the
multi-label categorization algorithm which aims to discretize
the label scores obtained from label propagation into binary
values in order to indicate the presence or absence of a
class label in a particular image. Our approach of label score
binarization is inspired to [19]. For binarization, a threshold th
is determined by taking the minimum of the label score values
of all the training images. The elements of the label vector
of each unlabeled image Xt′ ∈ X \ T are then calculated as
lct′ = 1 if l̃ct′ ≥ th and lct′ = 0 otherwise. Thresholding of the
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label scores results in converting the score vector L̃t′ to the
label vector Lt′ for each unlabeled image. Thus the multi-
label categorization algorithm finally associates each image
Xi ∈ X with a label vector Li. When the query image Xq

is given as input to the system, the retrieval system performs
multi-label categorization of Xq to determine the class labels
(vector Lq) associated with it. The system then searches for
all images Xi ∈ X for which Lq · Li ≥ 1 and forms a
set Xsub ⊂ X of the images satisfying the criterion. The
remaining images in the archive are then filtered out and only
the images in Xsub are considered for the subsequent steps
of the method. The performance of this step, which greatly
affects the retrieval results, depends on how well the system
learns the characteristic features of the regions and identifies
the primitive classes contained in the unlabeled images. For
example, if a sand region in an image is not identified as sand
and the query image contains the class sand, that image is
not retrieved by the system as it is eliminated as an irrelevant
image after this step. We have chosen our features carefully to
avoid this problem.

D. Automatic region labeling

The third step of the proposed method is automatic region
labeling, which aims to exploit a few labeled regions of the
training images to assign an appropriate label to each region of
the images Xi ∈ Xsub. It is worth noting that the region labels
of only those training images which belong to the set Xsub are
ultimately used while querying. In each training image Xt ∈
Xsub, labels are assigned to a small number of regions based
on a manual visual analysis. Each of the remaining unlabeled
regions in Xt is then assigned with the label of the most similar
labeled region. The similarity of an unlabeled region with a
labeled region is computed by the distance d(·, ·) between their
corresponding feature vectors. The distance measures we have
used in our method are given in Section III. This approach
requires that each primitive class present in Xt has at least
one corresponding labeled region for an accurate classification.
Fig. 3 shows an example of how region labeling is done for
a training image. After completing the labeling of regions of

(a) (b) (c)

Fig. 3: Example of region labeling of a training image. (a) Original image with
labeled regions, (b) Segmented image and (c) Region-labeled image. In (a), the
regions with red squares are labeled as airplane, the regions with yellow stars
are labeled as grass, the regions with green circles are labeled as cars and the
regions with blue triangles are labeled as bare soil. In (b), each region with a
different color indicates a different segment. In (c), the black regions denote
airplane, the dark grey regions denote cars, the light grey regions denote grass
and the white regions denote bare soil.

all the training images Xt ∈ Xsub, the prototype feature vector
for each class label c ∈ L is computed by taking the average

of the feature vectors of all the newly formed regions in the
training images having the label c.

In the case of unlabeled images Xt′ ∈ Xsub having no
labeled regions, all regions are labeled in the same manner. To
label a region rkt′ of Xt′ , we compute the dissimilarity d(·, ·)
between the feature vector fkt′ and each of the prototype feature
vectors of only those class labels which are associated with
Xt′ . Then, rkt′ is assigned the label c for which the value of
d(·, ·) is minimum. Thus, after region labeling, each class label
c contained in Xt′ ∈ Xsub is assigned to one or more regions
of Xt′ . Fig. 4 shows an example of how region labeling is
done for an unlabeled image.

(a) (b) (c)

Fig. 4: Example of region labeling of an unlabeled image. (a) Original image,
(b) Segmented image and (c) Region-labeled image. In (b), each region with
a different color indicates a different segment. In (c), the black regions denote
buildings, the darkest grey regions denote tanks, the medium grey region
denotes pavement, the lightest grey region denotes bare soil and the white
regions denote trees.

E. Image retrieval based on a subgraph matching strategy

The fourth and final step of the proposed method aims to
construct a Region Adjacency Graph (RAG) for the query
image Xq and each image Xi ∈ Xsub and measure the
similarity of the images using a subgraph matching strategy.
A RAG of an image Xi is defined as Gi = (Vi, Ei,Ai),
where Vi = {r1i , r2i , . . . , r

ni
i } is the set of ni nodes, Ei =

{e(s,t)i | s, t ∈ {1, 2, . . . , ni}} is the set of edges that link the
nodes and Ai ∈ Rni×ni is the weighted adjacency matrix
containing edge information. An edge e(s,t)i exists if the regions
rsi and rti are adjacent to each other. To define the edges,
we construct from the segmented Xi an adjacency matrix Ai,
whose initial entries are logical 0s and 1s, with Ai(r

s
i , r

t
i) = 1

if e(s,t)i exists and Ai(r
s
i , r

t
i) = 0 otherwise. Each edge is then

assigned an attribute as follows:

Ai(r
s
i , r

t
i) = α1 ||fsi −f ti ||2+α2 (||crsi−crti ||2+|θrsi−θrti |) (3)

where crsi and crti are the centroids of the pixel co-ordinates
within the regions rsi and rti , respectively and fsi and f ti are the
feature vectors of the regions rsi and rti , respectively. θrsi and
θrti are the orientation angles of those regions (angle between
the horizontal axis and the major axis of the ellipse having the
same 2nd moments as the region, such that θ ∈ [−900,+900])
and || · ||2 is the L2 norm. The orientation angles are included
for retrieval of images with high visual similarity and the
choice of using the orientation angles depends on the final
goal of retrieval. If the orientation angle is not relevant for the
objects in the images in a given archive, it can be neglected.
Each term is normalized before adding so that all the values
are comparable when combined. It is worth noting that the
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sequencing of the regions and class labels does not affect
the shape of the constructed graphs. The weights α1 and
α2 should be selected after taking into account the impor-
tance of the related variables in the retrieval. For undirected
property of the graphs, we have made Ai symmetric, i.e.
Ai(r

s
i , r

t
i) = Ai(r

t
i , r

s
i ). The diagonal elements of Ai are set

as Ai(r
s
i , r

s
i ) = c where c is the numeric value of the label

assigned to the region rsi . In order to better understand this
step, Fig. 5 shows a qualitative example of RAG construction
for an image. Note that the graph shown in the figure is not a
rigid structure, it is merely a diagrammatic representation for
visual understanding.

(a) (b) (c) (d)

Fig. 5: Example of step-wise graph construction from an image - (a) original
image; (b) segmented image; (c) node formation and edge attribute description;
(d) created graph.

After graph construction, the method measures the similarity
between Xq and each image Xi ∈ Xsub by matching the
corresponding graphs Gq and Gi and ranks the images in the
order of graph similarity values. Spectral graph matching meth-
ods, which utilize the property of invariance of eigenvalues for
isomorphic graphs, have recently gained popularity as effective
graph matching techniques. In the proposed method, we have
used the Spectral Matching (SM) [16] algorithm to solve the
optimization problem. Although other methods available in
literature [20]–[23] have been proved to give more accurate
matching results compared to the SM algorithm, they require
computational time which is several orders of magnitude higher
than that taken by the SM algorithm. Hence the SM algorithm
is chosen to provide the solution to the graph matching problem
quickly and efficiently in order to achieve fast retrieval.

The SM algorithm formulates the problem of subgraph
matching as the problem of finding the optimal indicator
vector y∗ ∈ {0, 1}nqni which maximizes a quadratic score
function y∗ = argmax(yTMy) where M ∈ Rnqni×nqni is
the affinity matrix, subject to the one-to-one (or many-to-one
depending on requirement) matching constraint and the integer
constraint (which ensures that y can take only binary values).
Each diagonal element of M, i.e. M(us, us), measures the
similarity between the regions (nodes) ruq of Xq and rsi of

Xi, and is hence computed as M(us, us) = e−|n
c′−nc|, where

c′ and c are the labels of ruq and rsi , respectively. Each non-
diagonal element of M, i.e. M(us, vt), measures the similarity
between the edges e(u,v)q and e(s,t)i , and is hence computed as

M(us, vt) = e−|A
(ruq ,rvq )

q −A(rsi ,rti )

i |. By this definition of the
values of M, y∗us = 1 if the region ruq corresponds (has
the same label and similar linking edges) to the region rsi
and y∗us = 0 otherwise. The SM algorithm returns the L1
normalized principal eigenvector of M as the solution y∗.
For a detailed description of the SM algorithm, we refer the
reader to [16]. The graph similarity between Gq and Gi is

then computed as GD(Gq, Gi) = (y∗)TMy∗. Higher the value
of GD(Gq, Gi), higher is the similarity between Xq and Xi.
Hence, the graph similarity values are arranged in descending
order and the most similar images to Xq are retrieved in that
order, which form the set Xfinal of retrieved images. The full
algorithm of the proposed method is described in Algorithm 1.

Algorithm 1: Algorithm of the proposed semi-supervised
graph-theoretic method

Input : An archive X = {X1,X2, . . . ,XI}, the set of training
images T, the set L = {1, 2, . . . , |L|} of class labels
and a query image Xq

Output: Images from the archive which are similar to Xq

1 begin
2 for i = 1 to I do
3 Segment Xi and compute fki ∀ rki ∈ {r1i , r2i , . . . , rni

i }
4 Calculate distance between Xi and Xj 6=i and find Ni

(K nearest neighbors) for Xi

5 end
6 Find the weights and construct the neighborhood graph G.
7 Find the label score vector L̃t′ of each Xt′ ∈ X \T by

iteratively updating the label matrix Ỹ as
Ỹ = βWỸ + (1− β)Y until convergence

8 Binarize L̃t′ using an appropriate threshold th to obtain Lt′ .
9 For Xq , find Lq and form a set Xsub of images satisfying

Lq · Li ≥ 1
10 for all training images in Xsub do
11 Label each of the remaining unlabeled regions of Xt

with the label of the adjacent and the most similar
labeled region.

12 end
13 Find the characteristic feature vector for each class label

c ∈ L
14 for all unlabeled images in Xsub do
15 Label rkt′ = c if fkt′ is most similar to the characteristic

feature vector of c
16 end
17 foreach i : Xi ∈ Xsub do
18 Create a vertex-labeled edge-weighted undirected graph

Gi = (Vi, Ei,Ai)
19 Calculate GD(Gq, Gi) using the spectral matching

algorithm
20 end
21 Sort the GD(Gq, Gi) values in descending order and obtain

Xfinal.
22 end

III. DATASET DESCRIPTION AND EXPERIMENTAL
SETUP

A. Dataset description

In order to evaluate the performance of the proposed semi-
supervised method, we have conducted experiments on the
UCMERCED archive of 2100 images, each of size 256× 256
pixels, taken from aerial orthoimagery and broadly grouped
into 21 different categories. Further information about the
archive can be obtained in [2]. Since the proposed method
is based on multi-label retrieval, we have relabeled the images
in the archive. Each image in the archive has been manually
labeled with one or more (maximum seven) labels based on
visual inspection in order to create the ground truth data (the
multi-labels are available at http://bigearth.eu/datasets). The
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total number of distinct class labels associated with X for
the considered archive is |L| = 17. A few images are then
randomly chosen from the labeled data to form the set T of
training images and the labels of the remaining images are
considered only while evaluating the retrieval performance.
The retrieval is done on the basis of the choice of labels by
the user. Fig. 6 shows an example image from each category
and the multi-labels associated with them after relabeling the
archive. Table I lists the class labels associated with the images
for each of the broad categories in the archive. The category
names are given based on our understanding of the categories
with respect to the primitive classes present in their images.
The original category names (if any) in the archive are given in
brackets. We would like to point out that each image belonging
to a broad category (in the first column of Table I) does
not need to be associated with all the class labels in the
corresponding row (in the second column of Table I) and may
be associated only with some of them. The number of images
present in the archive associated with each of the newly defined
class labels is listed in Table II.

B. Experimental settings

In our experiments, the regularization parameter for the
segmentation algorithm is experimentally chosen to be 0.75.
After segmentation, the number of regions ni in each Xi lies
in the range between 2 and 50. Each region is described by
the following features concatenated together to form a 232-
dimensional feature vector:- 1) Shape features [24] (which
include Fourier descriptors and contour-based shape descrip-
tors); 2) Intensity features (which consist of the mean, standard
deviation and skewness of the samples within each region
in each spectral channel); 3) Texture features (which include
entropy and spectral histogram [25]). Further details about the
features can be found in [6]. Image similarity for neighborhood
graph construction in the proposed method has been measured
using the Earth Mover’s Distance (EMD) [26], due to its
ability to handle variable-length image representations and its
robustness to inaccurate image segmentation. The weight for
a feature vector fki is taken to be the normalized area (in
terms of number of pixels) in the corresponding region rki of
Xi. To evaluate the efficiency of EMD in finding neighboring
images, we have compared the results obtained by EMD with
those obtained by four state-of-the-art image descriptors, i.e.
GIST [27], SIFT, LBP and LPQ descriptors, each used with
the chi-square distance. While the above-mentioned methods
resulted in an average precision of less than 55% in finding
correct image neighbors (according to the broad category labels
associated with the images), EMD resulted in a precision
of more than 70%. Although EMD is costly in terms of
computational complexity compared to the other methods,
achieving high accuracy with the multi-label categorization
algorithm is of foremost importance for obtaining satisfactory
performance of the proposed retrieval system. These reasons
justify the choice of EMD for finding image neighborhoods
as opposed to other state-of-the-art methods. The value of β
in (2) is set to 0.99 as suggested in [28]. After the filtering
of irrelevant images in the first step, the set Xsub contains

an average of 900 images. In the region labeling step, we
have labeled an average of 5 regions in each training image,
which constitute only 10% of the regions in the image. To
compute the distance d(·, ·) between the feature vectors of two
regions for labeling, we have used different distance measures
to evaluate similarities between node attributes: City block
distance is considered for Fourier descriptors and intensity
features, whereas Euclidean distance is considered for entropy
and contour-based shape features and Chi-square distance is
selected for spectral histograms. The weights α1 and α2 in
(3) are empirically set to 0.8 and 0.2, respectively, in order
to give more importance to the characteristics of the regions
linked by an edge in determining the edge weight rather than
to the geometric properties of the regions.

In order to evaluate the performance of the proposed Multi-
Label Image Retrieval Method (denoted as MLIRM hereafter),
we have considered four state-of-the-art methods for compar-
ison: 1) the k-NN algorithm applied to the image descriptors
obtained by the LPQ [4] (denoted as KNN); 2) the Attributed
Relational Graph Modeling and Matching Method proposed in
[6] (denoted as ARGMM); 3) the multi-label SVM method [9]
(denoted as ML-SVM), which consists of a parallel architecture
made up of 17 one versus all SVMs (one for each primitive
class) to assign multi-labels to the query image and uses LPQ
image descriptors to model the images; and 4) the multi-class
SVM method [10] (denoted as MC-SVM), in which we train
a one versus all SVM classifier for each primitive class to
classify each region in an image using our region descriptors.
The first two methods are unsupervised, whereas the latter two
are supervised. It is worth noting that there are no multi-label
image retrieval methods available in RS CBIR literature that
can be used for comparison. To obtain the LPQ descriptors
for an image, we have considered a 3 × 3 neighborhood for
each sample, computed a binary code for each pixel position as
described in [4] and finally formed an L1 normalized histogram
of the codes to form a 256-dimensional descriptor for each
image. The k-NN algorithm is then applied by using the G
statistic similarity measure for image similarity computation
[4]. For ARGMM, we have initially segmented and constructed
an attributed relational graph for each image in the archive by
extracting some features from the regions. Images similar to
the query image are then determined by matching the graph
of the query image with all the graphs in the archive using an
inexact graph matching strategy. Then the images are ranked in
the order of graph similarity values. Further details about the
method can be obtained in [6]. ML-SVM and MC-SVM were
implemented by using a radial basis function kernel and the
kernel parameters have been chosen via 5-fold cross validation.
For the ML-SVM, each of the 17 trained SVM classifiers
independently predicts a vector. The vectors are then summed
up to get the final label vector Lq of the query image, given the
256-dimensional LPQ descriptor of the query image as input.
The number of training instances is 315, since we have chosen
15 training images from each of the 21 broad categories. The
choice of 15 images is justified in Section IV. For the MC-SVM
method, the trained classifiers predict the label of a region,
given the 232-dimensional feature vector of the region. Since
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(a) airplane, bare soil, grass, cars (b) sand, sea (c) water, trees, bare soil

(d) trees, bare soil (e) pavement, cars, grass (f) ship, dock, water

(g) pavement, cars, bare soil, trees (h) pavement, grass (i) sand, chaparral

(j) bare soil, grass, trees (k) court, grass, trees (l) cars, pavement

(m) buildings, pavement, cars (n) field, trees (o) mobile home, pavement, trees

(p) pavement, cars, buildings (q) buildings, bare soil, pavement (r) tanks, pavement

(s) bare soil, grass, buildings (t) buildings, pavement, cars (u) buildings, pavement, trees

Fig. 6: Example of an image from each category in the considered archive and its associated class labels.
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TABLE I: Multi-labels associated with the images of each category in the archive.

Category names Associated multi-labels
agricultural field, trees

airport (airplane) airplane, pavement, grass, buildings, cars
baseball diamond bare soil, pavement, grass, trees, buildings

beach sea, sand, trees
urban area (buildings) buildings, pavement, cars

chaparral sand, chaparral
dense residential buildings, pavement, trees, cars

forest trees, bare soil
freeway pavement, cars, grass, trees, bare soil

golf course grass, trees, bare soil
harbor ship, dock, water

intersection pavement, bare soil, cars, buildings, grass
medium residential buildings, cars, trees, grass, pavement, bare soil
mobile home park mobile home, pavement, cars, trees, bare soil

overpass pavement, cars, bare soil, grass, trees
parking lot cars, pavement, bare soil, grass

river water, trees, bare soil
runway area (runway) pavement, grass, bare soil

sparse residential buildings, grass, bare soil, trees, sand, chaparral
storage tanks tanks, bare soil, grass, pavement, buildings

tennis area (tennis court) court, grass, trees, pavement, buildings

TABLE II: Number of images present in the archive for
each class label.

Class label Number of images
airplane 100
bare soil 633
buildings 696

cars 884
chaparral 119

court 105
dock 100
field 106
grass 977

mobile home 102
pavement 1305

sand 389
sea 100
ship 102
tanks 100
trees 1015
water 203

we concatenate feature vectors of various lengths into a single
feature vector, we normalize the features according to [29]. The
number of training regions in this method is 10108. Each region
in the query image is classified into one of the 17 primitive
classes by the trained classifiers, and the label vector Lq of
the query image is obtained from the classes present in it. The
similarity between two images is finally computed using the
Hamming distance between their corresponding label vectors
for both the methods.

Since we have considered multi-labels for each image in the
archive, conventional single-label based retrieval performance
evaluation metrics are not suitable for our multi-label retrieval
system. Hence in our experiments with the multi-label infor-
mation, results of each method are provided in terms of three
special performance evaluation metrics [30]: 1) Accuracy, 2)
Precision and 3) Recall. In order to define these metrics, let
Lr ⊂ L be the set of class labels present in the retrieved image
Xr ∈ Xfinal. Similarly, let Lq ⊂ L be the set of class labels
present in Xq . Accuracy is the ratio between the number of
identical labels of Xq and Xr and the total number of unique
labels of Xq and Xr. While precision is defined as the fraction
of identical labels of Xq and Xr in the label set Lr, recall
is defined as the fraction of identical labels of Xq and Xr

in the label set Lq . The equations defining these metrics are
given in Table III. According to their definitions, the retrieval
performance is increased when the accuracy, precision and
recall values approach to 1.

IV. EXPERIMENTAL RESULTS

A. Effects of varying the values of K and |T|
In order to study the effects of varying the values of K

(number of neighbors of each image in the neighborhood graph
G) and |T| (number of training images) on the performance
metrics, we have used two measures, namely false positives

TABLE III: Performance metrics used to evaluate the performance of the
proposed method. For two sets, ∩ denotes intersection and ∪ denotes union
of the sets.

Performance metric Formula

Accuracy 1
|Xfinal|

|Xfinal|∑
r=1

|Lq∩Lr|
|Lq∪Lr|

Precision 1
|Xfinal|

|Xfinal|∑
r=1

|Lq∩Lr|
|Lr|

Recall 1
|Xfinal|

|Xfinal|∑
r=1

|Lq∩Lr|
|Lq|

(FP) and true positives (TP), which have direct effect on
the performance metrics. On one hand, the number of false
positives for a particular class label c ∈ L is the number of
images in the archive which are wrongly labeled as c, expressed
as a percentage of images in the archive which do not have
the label c. On the other hand, the number of true positives
for a label c is defined as the number of images in the archive
which are correctly labeled, expressed as a percentage of the
total number of images in the archive having the label c. Both
these values are calculated by taking the average over all the
class labels c ∈ L. Hence, the number of FP should ideally be
very low and the number of TP should be very high. Fig. 7
shows the variation in the values of TP and FP versus variations
of the values of the two parameters K and |T|. From Fig.
7(a), one can observe that the number of TP decreases and
the number of FP increases by increasing the value of K.
This is because, as we consider a higher number of neighbors
for an image, the chances of getting comparatively irrelevant
images in the neighborhood increase, thereby degrading the
system performance. On the other hand, Fig. 7(b) shows that
the number of TP increases and the number of FP decreases
by increasing the value of |T|. The reason is that as we train
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the system on a higher number of training images, the labeling
of the unlabeled images becomes more accurate. However, the
performances for |T| = 15 and |T| = 20 have been found
to be quite similar. Considering these results, the values of
K = 5 and |T| = 15 have been found to give the best result
in terms of accuracy of the multi-label categorization algorithm
and are hence used in our experiments. It is important to note
that the considered archive contains both large intra-category
and inter-category variations in terms of region features, hence
|T| = 15 is a reasonable choice. A real archive is probably
more complex than ours.

(a)

(b)

Fig. 7: Results of the TP and FP values obtained by the proposed method by
varying (a) K and (b) |T|.

B. Comparison of the overall retrieval performance with state-
of-the-art methods

Table IV shows the values of accuracy, precision and recall
obtained when the KNN, the ARGMM, the ML-SVM, the MC-
SVM and the proposed MLIRM are used. These values are
the average of the values obtained by considering each image
in the archive as the query image and by retrieving the 20
most similar images. By analyzing the table, one can observe
that the proposed MLIRM obtained significantly better metric
values in the considered archive compared to the KNN, the
ARGMM and the ML-SVM. As an example, the proposed
method shows an improvement of 18.42% in accuracy and
of 19.24% in precision over the ARGMM. The improvement
over the KNN is even more remarkable and is of 42.44% in
accuracy and of 34.03% in precision. The improvement in the
recall value is of 11.6% over the ML-SVM and of 1.7% over

the MC-SVM. These results are because of the ability of the
proposed MLIRM to accurately model the image regions using
the inherent multi-label information present in them. It is worth
noting that the proposed method and the MC-SVM exploit the
same region features, but the proposed method is more effective
in terms of both computational time and retrieval accuracy.
Further details regarding the computational efficiency are given
in part E of this section.

TABLE IV: Results obtained for the KNN, the ARGMM, the ML-SVM, the
MC-SVM and the proposed MLIRM.

Method Accuracy(%) Precision(%) Recall(%)
KNN [4] 52.18 63.97 61.02

ARGMM [6] 63.56 72.34 69.87
ML-SVM [9] 67.39 76.52 71.93

MC-SVM [10] 73.94 85.17 78.91
Proposed MLIRM 74.29 85.68 80.25

Fig. 8 shows an example of images retrieved by the
ARGMM, the MC-SVM and the proposed MLIRM when the
query image is selected from the golf course category of the
original archive. The retrieval order of each image is given
above the related image and the multi-labels associated with
the image are given below the related image. We would like
to mention that the ARGMM and the MC-SVM are the best
among the unsupervised and supervised methods, respectively,
hence the retrieval results of the other two methods are not
given.

The query image considered in Fig. 8(a) belongs to the
golf course category and is associated with 3 primitive classes,
namely grass, trees and bare soil. From the results one can see
that all the images retrieved by the proposed MLIRM (see Fig.
8(d)) contain all the 3 primitive classes. On the contrary, the
images retrieved by the ARGMM (see Fig. 8(b)) mostly contain
1 or 2 of the primitive classes only. For example, the 5th image
retrieved by the ARGMM originally belongs to the agricultural
category of the UCMERCED archive. The results show how
the label matching strategy solves the problem of spurious
retrieval results due to feature matching. For the MC-SVM,
the primitive classes present in the retrieved images (see Fig.
8(c)) are more or less the same as those present in the query
image, but MC-SVM does not take into account the spatial
arrangement of the regions in the images, which is evident from
the retrieval results. Fig. 9 depicts another example of images
retrieved by the ARGMM, the MC-SVM and the MLIRM
related to a query image taken from the medium residential
category. The retrieval results show that it is necessary to
consider labels as well as the spatial arrangement of the regions
in the query image in order to retrieve visually more similar
images. By a visual analysis of all the obtained results, we
can conclude that the proposed method accurately detects the
multiple primitive classes associated with each query image
and retrieves the visually most similar images from the archive.

C. Analysis of the effectiveness of the steps of the proposed
method

1) Retrieval performance when only the first and second
steps are executed: The multi-label image categorization step
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grass, trees, bare soil

(a)
1st

grass, trees, bare
soil

5th

field

10th

grass, trees

15th

grass, trees

(b)
1st

grass, trees, bare
soil

5th

grass, trees

10th

trees, bare soil

15th

grass, bare soil

(c)
1st

grass, trees, bare
soil

5th

grass, trees, bare
soil

10th

grass, trees, bare
soil

15th

grass, trees, bare
soil

(d)

Fig. 8: Golf course image retrieval: (a) query image, (b) images retrieved by
the ARGMM, (c) images retrieved by the MC-SVM and (d) images retrieved
by the proposed MLIRM (multi-labels of each image are reported below the
related image).

of the proposed MLIRM aims to associate multiple class labels
to each image in the archive based on the information obtained
from the training images. After the second step, the query
image Xq is also associated with multi-labels in the same way.
It is to be noted that relevant images could be searched in
X by merely matching the class labels of Xq with those of
Xi ∈ X. The system would then retrieve the images having
the same class labels as that of Xq . However, in this case, the
system would not be able to rank the retrieved images in the
order of their similarity with Xq . Fig. 10 shows an example of
the top 3 retrieved images for a query image from the beach
category, both by performing only the first two steps and by
performing all the four steps. It can be observed that Xq as
well as all the retrieved images in Fig. 10(b) and Fig. 10(c)
contain the two class labels - sand and sea. Hence the values
of the performance metrics used to evaluate the performance of
the MLIRM are not affected much. However, in terms of visual
similarity, the retrieved images in Fig. 10(c) are more similar
to Xq in Fig. 10(a) than the retrieved images in Fig. 10(b). In
the case when only the first and second steps are performed,
the system detects the primitive classes sand and sea in Xq

and accordingly retrieves all images in X containing the labels

buildings, bare soil, pavement, trees

(a)
1st

buildings, bare
soil, pavement,

trees

5th

buildings,
pavement, trees

10th

sand, chaparral

15th

sand, chaparral,
buildings

(b)
1st

buildings, bare
soil, pavement,

trees

5th

buildings, bare
soil, pavement,

trees

10th

buildings,
pavement, trees

15th

buildings, bare
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(c)
1st

buildings, bare
soil, pavement,

trees

5th

buildings, bare
soil, pavement,

trees

10th

buildings, bare
soil, pavement,

trees

15th

buildings, bare
soil, pavement,

trees

(d)

Fig. 9: Medium residential image retrieval: (a) query image, (b) images
retrieved by the ARGMM, (c) images retrieved by the MC-SVM and (d)
images retrieved by the proposed MLIRM (multi-labels of each image are
reported below the related image).

(a)

1st 2nd 3rd

(b)
1st 2nd 3rd

(c)

Fig. 10: Top 3 images retrieved by the MLIRM for a query image from the
beach category. (a) query image, (b) images retrieved if only the 1st and 2nd

steps are performed, (c) images retrieved if all the 4 steps are performed.

of sand and sea. But since the second step has no provision of
ordering the images based on their similarity to Xq , the images
are retrieved in a random order. On the other hand, the steps of
region labeling and graph matching in MLIRM computes the
similarity of Xi ∈ Xsub with Xq and retrieves the images in
the order of similarity values. Thus, it is necessary to perform
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all the four steps of MLIRM for achieving satisfactory retrieval
performance.

2) Retrieval performance when only the first, third and
fourth steps are executed: In the proposed method, the retrieval
system initially detects the class labels present in the given
query image and filters out the irrelevant images from the
search space before proceeding to the region labeling and graph
matching steps. This strategy reduces the computational time
considerably, since it is no longer required to construct graphs
and perform matching for all the images in the archive. If
the multi-label categorization step is not executed, the system
performs region labeling for all the images Xi ∈ X instead of
Xi ∈ Xsub as proposed in the MLIRM. For labeling the regions
of unlabeled images in that case, the system will compute
d(·, ·) between the feature vector of a region and each of the
characteristic feature vectors of all the class labels c ∈ L. This
may result in a region being wrongly labeled as a class which is
not present in the image. In the proposed MLIRM, the multiple
primitive classes associated with the images in the first step
prevents this kind of wrong labeling, since each region is only
assigned to one of those primitive classes which are present
in the image. Hence, avoiding the second step will not only
increase the computational time but also reduce the retrieval
accuracy. Table V lists the values of the performance metrics
obtained by performing the experiment with and without the
multi-label categorization step. These values are the average of
the values obtained by considering each image in the archive as
the query image and by retrieving the 20 most similar images.
As it is evident from the results, the retrieval performance
deteriorates if multi-label categorization is not performed.

TABLE V: Values of the performance metrics obtained by executing the
MLIRM with and without the 2nd step (multi-label categorization).

Proposed MLIRM Accuracy(%) Precision(%) Recall(%)
With 2nd step 74.29 85.68 80.25

Without 2nd step 71.23 82.97 78.59

D. Retrieval results for a query image from outside the archive

We have also analyzed the efficiency of the MLIRM by
giving as input to the system a query image that (i) does not
belong to the considered archive, (ii) has a size different from
those in the archive and (iii) is acquired by a different sensor
having the same spectral characteristics of the archive images.
For this experiment, we selected a patch from Google Earth
(see Fig. 11(a)) as the query image such that the considered
patch has a different size with respect to those of the archive
images. We observed that the results obtained by the proposed
retrieval system extract from the archive the images that are
very similar to query image (see Fig. 11(b)).

From Fig. 11(b), one can observe that each of the retrieved
images contains all or a subset of the primitive classes present
in the query image in Fig. 11(a). The retrieved images are
also ranked in the order of similarity between the images as
determined by the subgraph matching algorithm. These results
show that the proposed method works well as long as the
spatial resolution and the spectral characteristics of the sensors
used to acquire the images remain similar.

buildings, pavement, grass, trees, cars
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pavement,
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Fig. 11: Google map image retrieval: (a) query image and (b) top 10 images
retrieved by the proposed MLIRM (multi-labels of each image are reported
below the related image).

E. Analysis of the computational efficiency

The computational efficiency of the proposed MLIRM, the
MC-SVM, the ML-SVM, the ARGMM and the KNN can
be analyzed by considering the computational time required
for each step of the methods. All the experiments are im-
plemented via MATLAB R© on a standard PC with Intel R©
CoreTM 2.93 GHz i7 processor and 8 GB RAM. In our
experiments, the MLIRM takes an average of 10 seconds to
segment one image and about 7 seconds to extract features
from the obtained regions. The average time required for the
multi-label categorization step (step 2) is about 13 seconds
(which is made up of 5.21 seconds required for neighborhood
graph construction, 7.82 seconds for label propagation and 0.07
seconds for label score binarization). The computational time
for these two steps depends on the size of the image archive,
the size of the images and the number of training images
used. It is worth noting that although segmentation and multi-
label categorization of the images take considerable amount of
time, they are performed offline prior to querying the retrieval
system. The region labeling step (step 3) requires an average
of 1.49 seconds for one image. Finally, an average of 7.78
seconds is taken to match the query graph with the graphs of
all Xi ∈ Xsub in step 4. The computational time for the fourth
step depends on the size of the graphs and the size of the
search space. The computational time taken by the KNN, the
ARGMM, the ML-SVM, the MC-SVM and the MLIRM are
given in Table VI. The time reported in Table VI for the first
step of the KNN consists of extracting LPQ features from one
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TABLE VI: Comparison of the computational time (in seconds) required by the KNN, the ARGMM, the ML-SVM, the MC-SVM and the proposed MLIRM.

KNN [4] ARGMM [6] ML-SVM [9] MC-SVM [10] Proposed MLIRM
Step 1 Step 2 Total Step 1 Step 2 Total Step 1 Step 2 Total Step 1 Step 2 Total Step 1 Step 2 Step 3 Step 4 Total
2.65 0.46 3.11 30.00 81.75 111.75 42.35 1.25 43.60 75.70 2.20 77.90 17.00 13.00 1.49 7.78 39.27

image and that of the second step is due to the matching of the
feature vector of Xq with the feature vectors of all Xi ∈ X. For
the ARGMM, the computational time for step 1 accounts for
the time required to model an image as an attributed relational
graph. The computational time for step 2 is due to the time
required to match Gq with all Gi in the archive. For both ML-
SVM and MC-SVM, the first step includes the training of the
independent SVM classifiers along with the cross-validation
and the second step includes the prediction of the label vector
of the query image and the retrieval of the similar images.
Both these methods require comparatively larger amount of
time because of training 17 classifiers. Note that the total time
mentioned for each method in Table VI is merely the sum of the
time required by the individual steps of the related method. The
results show that in spite of the requirement to train the retrieval
system, the proposed MLIRM is faster than the ARGMM. This
is mainly due to the reduction of search space after the 2nd

step in our proposed method. We would like to point out that
although the KNN is the fastest of these five methods, it has
the poorest retrieval performance compared to the other two
(see Table IV).

V. CONCLUSION AND DISCUSSION

In this paper, we have introduced a semi-supervised graph-
theoretic method in the framework of multi-label remote sens-
ing image retrieval, which requires only a small number of
training images characterized by multi-labels (associated to
different land-cover classes). The proposed method consists
of four main steps. The first step includes image segmentation
and feature extraction from the segmented regions. The second
step exploits the underlying label correlations of different
land-cover classes and uses a semi-supervised graph-based
algorithm to associate each image in the archive with multi-
labels by propagating the label information from the training
images to the unlabeled images. In the third step, few region
labels of the training images are used to associate each region
of the training images (and subsequently of the unlabeled
images) with a particular class label. In the fourth step, these
labels are used to create a region adjacency graph for each
image, which are then used in the graph matching algorithm
to compute image similarity.

In order to evaluate the proposed method, we re-defined
a benchmark archive in RS CBIR problems by associating
each image with a set of labels (instead of only a single
label). Experimental results on this multi-labeled image archive
demonstrate that our proposed method leads to significant
performance improvement over the RS CBIR methods used
in the comparisons. The main reasons for the efficiency of the
proposed method are: 1) The second step exploits the informa-
tion inherently present in RS images due to both the detailed
level of semantic content associated to land-cover classes and
their correlation at semantic level, which significantly improves

the retrieval accuracy; 2) The strategy of pre-filtering before the
third step and then performing finer search in a smaller search
space considerably reduces the computational time required for
the method; and 3) The final step of matching labeled graphs
allows one to avoid spurious region matching based on features
as was done in our previous unsupervised method. As a result,
the images retrieved by the proposed method are found to be
much more similar to the query image compared to the images
retrieved by the state-of-the-art CBIR methods. We would like
to point out that while we have used RGB aerial orthoimagery
images in our experimental analysis, the proposed method
can be used with any kind of remote sensing images (e.g.
multispectral, hyperspectral images, etc.) by performing feature
extraction for each spectral channel. The main drawback of the
proposed method is that its accuracy is sensitive to the choice of
the segmentation algorithm and the region features. Thus, these
steps should be defined carefully by taking into account the
properties of the images in the considered archive. Moreover,
we also plan to apply fast scalable parallel algorithms in the
context of multi-label categorization and subgraph matching in
order to reduce the computational complexity.

As a final remark, we would like to point out that our
method cannot identify a class in an image during multi-label
categorization if it is not associated with any of the training
images considered by the system. In our experiments, we
have ensured that the system is trained on a sufficient number
of training images for each possible class label by manually
labeling the images in the archive. However, in case of partially
labeled archive, it is critical to detect whether a few class labels
are missing from the training set. In order to overcome this,
as a future development of this work we plan to perform an
active learning method through relevance feedback [8], where
a classifier is trained on the currently labeled images and the
images which are not confidently classified are returned as
images to be labeled, thereby updating the label set associated
with the archive.

APPENDIX A

See Table VII.
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