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Abstract—The aim of this letter is twofold. First, we assess
the compressive sensing (CS) approach as a classification tool for
multispectral remote sensing images, assuming severe scarcity of
training samples (at most, ten for each class). Then, we propose a
new strategy to perform domain adaptation using a CS approach
for classifying images at large spatial scales (continental mapping).
In particular, the “most confusing” training samples in the target
domain are collected by exploiting plenty of training samples avail-
able in the source domain under the transfer learning framework.
For assessing the proposed method, experiments are performed on
three remotely sensed images captured by the Landsat 8 satellite
in different regions of India. Results obtained using the proposed
approach are found to be promising.

Index Terms—Compressive sensing (CS), domain adaptation
(DA), land-cover classification.

I. INTRODUCTION

FOR the analysis of remotely sensed images, the identifi-
cation of land-cover types present in an image acquired

over a geographical area of interest is a crucial task [1]. With
the upliftment of remote sensors, land-cover classification has
become a prime issue in Earth-monitoring systems. Applica-
tions of land-cover classification are found in diverse domains
like forest monitoring, land-use map generation, and vegetation
management. In the remote sensing community, traditionally,
two approaches are used for land-cover classification: super-
vised and unsupervised [1]. Supervised strategies [1] provide
good performances in this regard when a large number of
labeled patterns are available. The labeling of patterns requires,
however, a proper ground survey of all the classes present in
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a particular area. Under this scenario, the collection of labeled
patterns is a costly process. Due to the unavailability of reliable
and sufficient ground-truth information, a supervised approach
for land-cover classification becomes a challenging issue. In
the recent literature, issues of labeled patterns in the domain
of land-cover classification have been tackled using two strate-
gies: semisupervised [2]–[4] and active learning [5]–[7]. Both
these learning approaches deal with the problem of scarcity of
training patterns by following different roadways. Both start
the learning process with a few labeled patterns. Afterward,
in semisupervised learning, the “most confident” unlabeled
patterns are iteratively integrated with the training patterns,
whereas in case of active learning, some of the “most uncertain”
patterns are repeatedly collected from the pool of unlabeled
patterns using a well-defined query selection function, and the
collected patterns are labeled by a supervisor. Another learning
paradigm, namely, transfer learning [8], is recently explored in
the literature to handle the problem of data scarcity. Transfer
learning and active learning may have some similarity but are
conceptually different. In traditional active learning algorithms,
a few training patterns in a domain are used to enrich the
training set by collecting some more training patterns from the
same domain in an informative way. In transfer learning, the do-
mains are different, i.e., they follow different class distributions.
Training patterns in the source domain are utilized to obtain
the “most confusing” training patterns from the target domain
in a similar fashion as active learning, if interaction with a
supervisor (for pattern labeling) is envisioned. This framework
is well known in the literature as a method of domain adaptation
(DA) [9], [10].

In this letter, the problem of land-cover classification is
investigated with a very few labeled patterns. The contribution
of this letter is twofold: At first, compressive sensing (CS) [11]
is used as an alternative tool for classification in the remote
sensing domain, and thereafter, a strategy is suggested to adapt
the transfer learning framework under the CS classification
scheme. In the remote sensing literature, CS has recently been
explored for the sparse representation of hyperspectral images
with a relatively small number of measurements [12], [13]
or for missing data reconstruction [14]. However, compressed
sensing has not yet been explored for the classification of
remote sensing imagery. To assess the effectiveness of the
proposed method, experiments are performed on three remotely
sensed images captured by the Landsat 8 satellite in different
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regions of India, and a comparative analysis is carried out
with traditional classifiers like the k-nearest neighbor technique
(KNN) [15], multilayer perceptron (MLP) [16], and support
vector machine (SVM).

II. PROPOSED METHOD

As already mentioned, in this letter, land-cover classification
is carried out using CS with a very few labeled patterns (at most,
ten training patterns per class comparable to the dimensionality
of the feature space). A brief description of the proposed work
is given hereinafter.

A. Classification Using CS

CS is a popular approach for sparse signal reconstruction.
Let X be an L-length signal of K-sparse representation of
orthogonal dictionary A. It can be written as

X = Aα (1)

where the coefficient α contains only K nonzero or significant
elements. X and α are the equivalent representation of the same
signal, where X is in the time domain and α is in the A domain.
Let Y denote the projection of signal X on the measurement
matrix Φ. Therefore, X can be recovered from the knowledge
of Y = ΦX , and Y can be rewritten as

Y = ΦAα = ξα. (2)

In terms of CS strategy, the sparse set α can be determined by
solving the l0-norm problem

min||α||0 s.t. Y = ξα. (3)

As already mentioned, CS is a popular approach for sparse
signal reconstruction. Here, a signal is reconstructed using a
sparse orthogonal dictionary. We exploit the signal reconstruc-
tion concept to make CS useful as a classification tool. In this
letter, for each of the classes (for example, class j), a dictionary
Aj is built using training patterns belonging to the jth class.
We reconstruct each of the unlabeled patterns using each of the
dictionaries. The assumption is that a specific pattern is likely
to belong to the corresponding class of that dictionary which
can reconstruct the pattern more accurately. In greater detail,
for each unlabeled pattern, the class label is estimated using
each of the dictionary corresponding to each class. Let X̃j be
the approximation of the pattern X in dictionary Aj , with

X̃j = Ajαj (4)

where αj is the sparse representation of X in the jth class,
which is estimated using CS theory. Thereafter, a pattern is
assigned to a particular class which can approximate the pattern
more accurately. For this purpose, a residual (denoted by Rj)
between the pattern and its approximation is estimated for the
jth class (i.e., Rj = ‖X − X̃j‖). Finally, class label ω for a
pattern X is obtained as

ω = min
j

Rj . (5)

B. DA

In this letter, a DA technique is introduced for land-cover
classification using a CS method. In particular, we deal with
a situation of severe crisis of labeled information. Under this
circumstance, a situation may occur where there is a scarcity
of labeled samples in a specific geographical area (i.e., target
domain), but sufficient labeled information may be available
in another domain (i.e., source domain). Our method aims at
selecting a few “most confusing” target domain patterns by
utilizing the plenty of training patterns in the source domain
using the concept of transfer learning. Thereafter, these target
domain patterns are labeled by a supervisor, and land-cover
classification in target domain is carried out using only these
newly labeled target domain training patterns.

At first, a dictionary is built for each class using the training
patterns in the source domain. For such a purpose, we use all
available training samples to build the dictionaries. In the target
domain, the available patterns are divided into two groups. The
number of patterns in the first group is denoted by T . There-
after, using each of the dictionaries, all the patterns belonging
to the first group of target domain are approximated by a CS
approach. The patterns belonging to the second group are used
for the testing phase. In the present experiments, the number of
classes is the same for both the target and the source domain
(denoted by C). For each of the dictionaries, all the T patterns
in the target domain are ranked in descending order based on the
number of nonzero coefficients required for approximation. The
number of nonzero coefficients required for the approximation
of the ith target domain pattern (i.e., Si) in the jth dictionary
in the source domain is denoted by nji, where j = 1, 2, . . . , C
and i = 1, 2, . . . , T . Now, in association with each dictionary, a
specific number of top-ranked patterns, for which the maximum
number of nonzero coefficients is required for estimation, are
selected for labeling by a supervisor. These patterns are ap-
proximated using a larger number of source domain patterns.
Therefore, these patterns are harder to approximate by each of
the source domain dictionaries. In other words, they are the
“most confusing” ones, and the labeling of these patterns in
the target domain may help in classification. Finally, patterns
in the target domain are classified using a CS framework over
the dictionaries built by newly labeled patterns. The graphical
illustration of the proposed DA technique is given in Fig. 1.

III. DESCRIPTION OF DATASET

To assess the effectiveness of the proposed CS approach, ex-
periments are carried out on images of three different regions of
India (i.e., West Bengal, Rajasthan, and Kerala) acquired using
the Landsat 8 satellite. The Landsat 8 satellite was launched in
February 2013 and carried two sensors: the Operational Land
Imager (OLI) and Thermal Infrared Sensor (TIRS). Landsat 8
OLI and TIRS images consist of nine spectral bands with a
spatial resolution of 30 m for bands 1–7 and 9. The resolution
for band 8 (panchromatic) is 15 m. In this case, a similar
size image as that of bands 1–7 and 9 has been constructed
by averaging pixel values of each square block in the band 8
image. Thermal bands 10 and 11 are useful in providing more
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Fig. 1. Graphical illustration of the proposed DA technique.

Fig. 2. Three different regions of India selected for our experiments.

accurate surface temperatures and are collected at 100 m but
are resampled to 30 m in the delivered data product. The
approximate scene size is 170 km north–south by 183 km
east–west. The images for West Bengal, Rajasthan, and Kerala
were captured on April 26, June 19, and April 13 in 2013,
respectively. The dimensions of these images are 7521 × 7331,
7621 × 7451, and 7481 × 7301. Fig. 2 shows these three
regions of India. For all the regions, the test and the training
patterns are collected from six different classes, i.e., cloud,
water, urban area, vegetation, agriculture, and bare soil. In
case of the West Bengal image, the cloud class is absent. The
training and test patterns (see Table I) are collected both by the
photointerpretation and ground knowledge of the land cover.

IV. EXPERIMENTAL RESULTS

In the experiments, the West Bengal and Rajasthan regions
are used as the target domain for investigation. In this letter, the
dimension of the feature space is 11. Here, we use all 11 band
values of Landsat 8 data. Under this scenario, it can be said
that ten target domain training samples per class is very few
as compared to the dimension of the feature space. Results
obtained using the CS approach are compared with those of
the KNN technique, MLP, and SVM. For the KNN technique,
the value of k is fixed at 1 since we are working under severe
scarcity of training patterns. During experimentation, for MLP,
eight neurons were used in the hidden layer, and the learning
rate was fixed to 0.5. These values were chosen experimentally
so as to have comparatively good performance in all domains.
In particular, a maximum of ten training patterns from each
class is considered. Ten different simulations are carried out
using different sets of randomly collected training patterns.
Random sampling was performed in two ways. In the first case,
the same number of training patterns was collected from each
class in each iteration, whereas in the second case, training
patterns were collected in a pure random way without any
constraint. The latter one, being unconstrained, may lead to a
scenario with no training pattern for some classes. CS, MLP,
KNN, and SVM with the second random sampling approach are
named as CS Random, MLP Random, KNN Random, and SVM
Random, correspondingly. Finally, experiments were carried
out with the same amount of training patterns obtained using
the proposed DA technique (named as CS Active). The three
regions chosen for this letter are geographically far from each
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TABLE I
NUMBER OF TRAINING AND TEST PATTERNS

TABLE II
QUANTITATIVE RESULTS OBTAINED FOR WEST BENGAL REGION

other, so it is likely that they follow different class distributions.
The geographical difference is helpful for investigating the
problem of DA. In this case, for the West Bengal region,
the Kerala region is treated as the source domain, whereas
for the Rajasthan region, West Bengal is used as the source
domain. For a typical illustration in this letter, quantitative
results obtained for the West Bengal region are provided only.
Similar findings are obtained for the Rajasthan region also.
Results of the CS Active method is also compared with those
of the DA technique presented in [8] (named as SVM DA).

During experimentation, it has been noticed that the inclusion
of the training patterns from the source domain during the
construction of the target domain dictionary degrades the per-
formance of land-cover classification in the target domain. This
is due to the fact that class distributions are noticeably different
from each other in the source and target domains. Under this
situation, in the proposed DA technique, after collecting the
“most confusing” patterns from the target domain, dictionaries
are built using the newly labeled target domain training patterns
only. To assess the performance, the average percentage of
accuracy (AA) over ten different simulations is considered for
each class. We calculate the average percentage of accuracy
over all the classes and over all the simulations (AAA) for
comparison. We also consider the average overall accuracy
(AOA) over ten simulations as well as the standard deviation
of these values for comparative analysis. The results of West

Bengal are given in Table II. For a typical illustration, in the
table, the results obtained in Iteration number 1 (one training
sample per class) and Iteration number 3 (three training samples
per class) are considered. For visual illustration, the graphs for
the average and standard deviation values of overall accuracy
with increasing number of target domain training patterns are
depicted in Fig. 3.

From Table II, it has been noticed for both the regions
that CS with both random sampling strategies outperforms
MLP in terms of average accuracies for all the classes. The
performance of MLP is worse in all the cases with a very
few labeled patterns. It has been observed that the performance
of CS with both the random sampling strategies is compara-
ble with that of the KNN approach using the corresponding
random sampling methods. It is noticed that CS with the first
random sampling approach produces comparable performance
with SVM, whereas for the pure random sampling approach,
CS significantly outperforms SVM. The results obtained with
CS using pure random sampling strategy are worse than those
obtained with CS using the first (constrained) random sampling
approach. It has been found that CS with the proposed DA tech-
nique is better than CS with the pure random selection method,
whereas CS with the other random sampling strategy produced
comparable performance with CS under the DA framework.
Under the scenario of data scarcity, the pure random sampling
strategy can lead to situations where the same number of



ROY et al.: LAND-COVER CLASSIFICATION OF REMOTELY SENSED IMAGES USING COMPRESSIVE SENSING 1261

Fig. 3. For West Bengal region: (a) Average value of overall accuracy and (b) standard deviations of overall accuracy (over ten simulations).

labeled patterns may not be available from all the classes, and
also, training patterns may not be available for some of the
classes. This can bring a negative effect on the performance
of the classifiers. It is observed that the CS Active technique
is able to collect target domain training patterns from each of
the classes. This may be explained by the fact that CS Active
collects the target domain training patterns using the confusion
level within each of the six dictionaries (corresponding to each
of the six different classes) in the source domain. Under this
scenario, CS Active proves to be more encouraging than the
others. It is noteworthy that the standard deviation values of
CS Active are zero. In case of all the classifiers (i.e., CS, CS
Random, KNN, KNN Random, SVM, SVM Random, MLP,
and MLP Random), the standard deviation value is higher. The
reason behind this is the collection of training patterns in CS
Active which is completely deterministic in nature. In other
cases, there is a situation of randomness during the collection
of training patterns. In Table II, it has been observed that, for
the West Bengal region, the proposed CS Active technique
outperforms SVM DA after including three training samples
per class. Similar findings are obtained from Fig. 3.

It is seen that the performance of CS Active is better than
that of others until iteration number 3, and thereafter, its bet-
terment reaches a saturation phase. The motivation is that the
redundancy among the collected target domain training patterns
is increased after some iteration. In this letter, target domain
training patterns are collected based on the confusion level
of source domain training patterns. Under this scenario, it is
expected that, after some point, similar types of target domain
patterns are selected as “most confusing.” To sum up, it can be
concluded that CS exhibits a comparable performance as a clas-
sification tool for land-cover analysis. The proposed CS -based
DA technique has an edge over other classification methods,
and the performance of the technique is also more intrinsically
stable. Moreover, it noticeably outperforms a reference DA
technique [8] when a few training samples are available in the
target domain.

V. CONCLUSION

In this letter, CS is used as an alternative tool for classi-
fication in the domain of remote sensing. A strategy is also
suggested for DA in a CS framework. In this case, available

training patterns in the source domain are exploited to collect
the “most informative” training patterns in the target domain.
Here, land-cover classification is carried out in three different
regions of India with a very few labeled patterns by analyzing
Landsat 8 satellite images. Results obtained with CS are found
to be encouraging when there is an acute crisis for labeled
patterns.
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