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ABSTRACT

Ship category recognition is one of the remote sensing ap-
plications that requires designing accurate image representa-
tion and classification models. Training these models is usu-
ally a data hungry process, that requires a lot of labeled data
which are usually scarce and expensive. As unlabeled data
are more abundant and relatively cheaper, transductive meth-
ods exploiting these data are highly preferred.
We introduce in this paper a novel representation learning ap-
proach based on transductive attributes. The strength of our
method resides in its ability to upgrade labeled training sets
using attributes shared across categories, and also its ability
to further push the benefit of attributes by taking into account
not only the labeled data but also the abundant unlabeled ones.
When plugging these learned attribute representations into
transductive classifiers, we obtain a substantial gain of ac-
curacy compared to several baselines as well as the related
work, on the challenging task of ship category recognition,
especially when labeled training data are very scarce.

Index Terms— image classification, representation de-
sign, maritime surveillance, ships category recognition

1. INTRODUCTION

With the spread of satellite sensors (Pléiade, GeoEye, etc.)
and Unmanned Aerial Vehicles (UAV), large amount of opti-
cal remote sensing data are currently available. These large
data collections require new algorithmic solutions able to au-
tomatically analyze and assign visual contents to well defined
object categories (a.k.a classes). In the particular context of
maritime environments, traffic monitoring and fishery control
require detecting and classifying ships from tiles or continu-
ous flows of images. Whereas many algorithms dedicated to
ship detection on synthetic aperture radar and optical images
have been developed (see for instance [1, 2, 3, 4, 5]), ship
recognition on optical images still remains understudied and
known to be challenging, especially when training data are
scarce and when the underlying categories are highly vari-
able.

Classification tasks on remote sensing data are usually
divided into two major families: semantic segmentation and
object classification. Semantic segmentation (including land-

cover mapping) consists in scoring local image primitives –
such as pixels or grid cells – using probabilistic models [6, 7],
while object classification is usually achieved by first ex-
tracting and pooling image features (either handcrafted or
not) [8, 9] and then assigning them to categories using va-
riety of machine learning and classification techniques such
as SVMs and deep networks [4]. In particular, classification
methods relying on deep features [10], have shown very com-
petitive results, nevertheless their success highly depends on
the abundance of labeled training data, especially for fine-
grained categories exhibiting large intra-class variability and
high inter-class resemblance. Alternative deep feature learn-
ing solutions overcome the scarcity of labeled data using deep
networks pretrained on other tasks (with larger training sets)
and fine-tune them on new tasks. However, the generalization
power of the resulting networks is not always sufficient espe-
cially when the new classification tasks have very few labeled
training data.

In this paper, we introduce a novel fine-grained ship cat-
egory recognition method based on transductive attribute
learning. Attributes are defined as mid-level characteristics,
with the interesting property of i) being shared across dif-
ferent categories and ii) learned on larger (shared) training
sets (see for instance [11, 12]). Coding-based techniques,
highly similar to attributes, have also been investigated in the
literature for object category recognition [13]; in particular
methods in [14, 15, 16], closely related to attribute learning,
enforce the learned representations to be discriminant. In
spite of being discriminant (while being less data hungry1),
these representation learning techniques could further be
improved if one exploits the unlabeled data in training, espe-
cially when the size of the labeled sets reaches the interesting
limit of one.
In the context of remote sensing ship category recognition, we
propose to learn a new discriminant attribute representations
while being tranductive. Transductive learning (see for in-
stance [17, 18, 19] and its related computer vision and remote
sensing applications [20, 21, 22, 23]) basically relies on the
smoothness assumption, which states that neighboring data
in the original feature space should produce smooth represen-
tations as well as similar classifier outputs (and vice-versa).

1Less data hungry means they require less labeled data for training in
contrast to other methods including deep learning.



The contribution and the advantage of the proposed method
is twofold: on the one hand, it fully exploits joint attributes
shared among different categories in order to assemble larger
labeled (training) sets and hence learn better classifiers. On
the other hand, and in order to push the benefit of attributes
further, the proposed method overcomes the scarcity of the
labeled data (even when used with joint attributes) by in-
cluding the unlabeled data as a part of the training process.
As will be shown through experiments in remote sensing
ship category recognition, our proposed method learns highly
effective classifiers on top of the learned representations.

2. OUR FRAMEWORK

Considering I = {Ii}`+ui=1 as the union of ` labeled train-
ing images (belonging to C different categories) and u un-
labeled test images2. Each image Ii is described with a
feature vector xi ∈ RM and assigned to a category label
yi ∈ C = {1, . . . , C} according to a well defined ground-
truth. Our goal is to learn a K-dimensional representation
α ∈ RK×(`+u) (on top of the image features {xi}i) together
with classifiers W ∈ RC×K that predict the categories of
unlabeled images in I. The design principle of W and α
is discriminative and regularized, i.e., it produces different
representations and classifier scores for images belonging
to different categories while smoothing representations and
scores for images belonging to the same classes. We imple-
ment this property using the following criteria:
Fidelity: let X ∈ RM×(`+u) be a matrix whose i-th column
corresponds to the feature vector xi. Our fidelity criterion
aims to minimize a reconstruction error between the original
image features {xi}i and the underlying learned representa-
tions α as

min
α,D

1

2
‖X−Dα‖2F , (1)

here D ∈ RM×K is a dictionary and F denotes the matrix
Frobenius norm.
Discrimination power: we enforce the learned representa-
tions to be discriminant by constraining classifier scores of the
labeled data to be consistent with their ground truth. Defining
Q as a C × ` matrix whose entry Qij set to 1 iff the j-th ex-
ample belong to the i-th class, -1 otherwise, we consider the
following criterion in order to learn both the representation α
and the classifier W

min
α,W

1

2
‖Q−Wα`‖2F , (2)

here α` denotes the representation matrix restricted on the la-
beled data.
Regularization: in what follows, we assume that the learned
representations are distributed in a manifold (denotedM) that

2As the purpose of this work is ship category recognition, we assume that
ship snapshots are already detected on large remote sensing images using an
object detection algorithm [4].

encloses both the labeled and the unlabeled data. In order to
capture the topology ofM, we consider a regularization cri-
terion that produces smooth representations and similar clas-
sifier scores for neighboring data. We define a similarity ma-
trix A – of size (`+ u) × (`+ u) – whose entry Aij set to
exp(−‖xi − xj‖22 /σ2) iff the feature vector xj belongs to
theN -neighbors of xi and 0 otherwise; here σ is the parame-
ter that controls the scaling of the weights in A3. In practice,
we enforce A to be symmetric by constraining that the mem-
berships to the N -neighbors are reciprocal for all the labeled
and the unlabeled data. Following this setting, our regulariza-
tion criterion is defined as 1

4

∑`+u
i=i Aij (Wαi −Wαj)

2 and
rewritten as

min
α,W

1

2
tr(WαLα′W), (3)

here tr(), ′ denote the matrix trace and transpose operators
respectively and L = B−A with B being a diagonal matrix
whose ith diagonal entry set to the sum of elements of the ith
row of A.
Global model: by combining equations 1, 2 and 3, the global
model that balances fidelity, discrimination power and regu-
larization is written as

min
α,D,W

1

2
‖X−Dα‖2F +

λ1
2
‖Q−Wα`‖2F

+
λ2
2
tr(WαLα′W),

(4)

here λ1, λ2 ≥ 0 control the impact of discrimination power
and regularization respectively, and α`, again, stands for the
representation associated to the labeled data.

3. OPTIMIZATION

It is clear that the global optimization problem in (4) is not
convex jointly w.r.t., D, W and α. We propose to solve it
iteratively following an EM-like alternate optimization. In-
deed, at each iteration, we fix two of the three variables D,
W, α and we solve the problem (4) w.r.t. the other. We repeat
this process till all the variables remain unchanged from one
iteration to another. In what follows, we use the superscript
(t) in order to show the evolution of these variables through
different iterations. Note that only the initial setting of α
(i.e., α(0)) needs to be known; in practice, values of α(0) are
randomly (and uniformly) sampled from [0, 1].
Dictionary and classifier update: considering fixed α(t), we
update the dictionary as D(t+1) ← arg minD

1
2

∥∥X−Dα(t)
∥∥2
F

.
This quadratic problem has a closed-form solution given by

D(t+1) = Xα(t)′
(
α(t)α(t)′

)−1
. (5)

which results by enforcing the gradient of equation 4 to vanish
w.r.t. D. Similarly, we obtain W as

3In practice, σ is set to 10.



W(t+1) = λ1Q̃Zα(t)′
(
α(t)L̃α(t)′

)−1
, (6)

with Z being a diagonal matrix – of size (`+ u) × (`+ u)
– whose first ` diagonal entries are set to 1 and the others to
0, L̃ = λ1Z + λ2L and Q̃ is a zero padded matrix of size
C × (`+ u) whose first ` columns are set to Q.
Updating attribute representations: solving equation 4
(w.r.t. α) is not straightforward as no direct closed-form so-
lution exists. Assuming W(t), D(t), and also α(t) known
and fixed at iteration (t) (denoted simply as W, D, α), we
find the subsequent α(t+1) following the optimality condition
about the gradient of equation 4 (w.r.t. α); this leads to a
fixed-point solution α(t+1) = lim

k→∞
Φ(k) with Φ(0) = α(t)

and

Φ(k) = (D′D + (λ1Zii + λ2Dii)W
′W)

−1
.[

D′X + λ1W
′Q̃Z + λ2W

′WΦ(k−1)A
]
i
,

(7)

with [.]i being the i-th column of the matrix in [.], and i ∈
{1, . . . , `+ u}. In practice, we iterate over k till∥∥Φ(k+1) − Φ(k)

∥∥2
F
 0.

4. EXPERIMENTS

We evaluate the performance of our representation learning
framework on the Ship4 dataset illustrated in figure 1. The
latter includes 320 snapshots of ships extracted from aerial
images of various spatial resolutions, divided into 4 different
classes (80 snapshots per class): monohull sailboat, inflat-
able boat, yacht and multihull. We use this Ship4 dataset for
ship recognition; given an unlabeled (test) data, the goal is
to predict its class membership based on the largest classifier
score. Performance (accuracy) is measured as the fraction of
correctly classified images over the total number of images in
the unlabeled (test) set.

Features: we extract features from the Ship4 dataset by

Fig. 1. Examples from the Ship4 dataset; with high intra-class variability and high
inter-class resemblance.

submitting images from this set to the VGG-16 deep net-
work [24] pretrained on ImageNet. More specifically we
rescale original images in Ship4 to 224 × 224 pixels and we
feed them to that deep network, using the first fully connected
layer (a.k.a fc6), resulting into a feature vector of M dimen-
sions (with M = 4096). This layer was chosen as it provides
the highest accuracy after classification with a soft margin

linear SVM. In all these experiments, we achieve training
and classification on top of these deep features and we show
the behavior of our model on the unlabeled (test) set w.r.t.
different parameter settings (λ1, λ2, `, etc.).
Model analysis: first, we study the impact of different param-
eters (λ1, λ2 and the number of dimensions K) on ship clas-
sification performances. Note that the setting of K is mainly
related to the discrimination power of the learned attribute
representations and the classifiers (see again equation 2). In-
deed, one may show that overestimating K to max(`,M)
guarantees a zero empirical error on the labeled data, how-
ever as the actual (intrinsic) dimension of the learned attribute
representation α is unknown, we choose K to be sufficiently
large (but K � max(`,M)); in practice, K is set between
15 and 60 and its value have no major impact on the classi-
fication accuracy. We also study the impact of the two most
critical parameters (λ1, λ2 in equation 4) that respectively
control discrimination power and regularization. The under-
lying performances, shown in figure 2, are obtained by fixing
alternately one of the two parameters while varying the other.
From these results, the impact of these two parameters on
the performances is clearly important and intermediate values
(shown in the figure 2) provides the best tradeoff between
discrimination power and smoothing.
Comparison: we compare our framework against its two
variants (shown subsequently) as well as other related al-
gorithms. These two variants correspond to two settings
where joint attribute representation learning and transductive
setting are used exclusively; i.e., the first setting, referred
to as Our Discri, is purely discriminant and learns joint at-
tribute representations+classifiers without regularization (i.e.,
λ2 = 0 in equation 4) while ii) the second setting, referred to
as Our OvA, is transductive (i.e., λ2 > 0) but attribute rep-
resentations and classifiers are learned independently using
the standard “one versus all” framework. In contrast to the
first setting, the second one benefits from regularization (and
hence exploit the topology of the unlabeled data) but does
not take advantage of a larger (joint) labeled dataset when
learning attributes and classifiers through different classes.
Besides these two baselines, we also compare our method
to other representative works including soft-margin linear
SVMs, RBF SVMs4, and Transductive SVM [17] as well as
the LC-KSVD attribute learning algorithm. Results given in
table 1 show that the features extracted from the pre-trained
deep network are already discriminant (when combined with
the SVM settings and without attribute learning) as they allow
us to correctly classify many unlabeled test data even with
few labeled training data; however, Our transductive attribute
framework outperforms linear and RBF-based SVMs even
with small labeled (training) sets, as well as its two variants
(Our Discri, Our OvA) and the LC-KSVD algorithm. Finally,
we also observe that our framework is globally comparable
to transductive SVMs; the interesting limit in these experi-

4the scale of the RBF kernel is tested in the range
[
10−7, . . . , 107

]
.



ments is when the number of labeled images per class is just
1 which clearly shows that our transductive attribute based
method provides the best performances among all the other
approaches. From all these results, it is clear that combining
both transductive and attribute learning, enhances the results,
especially when labeled data are very scarce.
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Fig. 2. Impact of λ1 and λ2 (in equation 4) on the performances. Again, these
results are obtained by fixing alternately one of the two parameters while varying the
other. These results are obtained with only one labeled sample per class andK = 15.

Trans-L J-Att-L 1 2 5 10 60

Lin. SVM No No 38.61 51.28 71.67 83.01 87.25
RBF SVM No No 29.43 43.91 74.33 82.86 91.25

TSVM[17] Yes No 48.41 71.15 76.33 85.00 95.00

LC-KSVD[15] No Yes 42.72 49.36 70.67 82.86 92.50

Our Discri No Yes 40.19 58.01 74.50 83.93 91.25
Our OvA Yes No 43.35 53.84 72.33 82.14 86.25
Our Yes Yes 52.21 58.33 75.00 84.46 92.25

Table 1. This table shows the average ship classification accuracy, w.r.t. the number
of labeled images per class, for linear SVM (Lin. SVM), RBF SVM and transductive
SVM (TSVM) as well as LC-KSVD. This table also shows the accuracy of two variants
of our model (described in Section 4). The outperformance of our method is clear w.r.t.
almost all these comparative techniques, especially when the number of labeled data per
class is small; an interesting limit is when this number is just one. In this table “J-Att-L”,
“Trans-L” respectively stand for joint attribute and transductive learning.

5. CONCLUSION

We introduced in this paper a novel method for ship cate-
gory recognition based on transductive attribute learning. The
advantage of the proposed method is twofold: on the one
hand, it fully exploits the potential of attribute learning by as-
sembling together all the scarce labeled (training) sets across
different categories, in order to learn better joint (common)
attribute representations. On the other hand, the proposed
method makes it possible to capture the topology of the man-
ifold enclosing the data by considering the abundant unla-
beled sets in the learning process; this results into highly dis-
criminant attribute representations and classifiers as shown
through experiments on the challenging ship category recog-
nition task.
As a future work, we are currently investigating other assump-
tions about the properties of the manifold enclosing the data.
For instance, one may constrain the learned attribute represen-
tations to be resilient to different geometric transformations
such as rotation, in order to further improve the accuracy of
our final classifiers.
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