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Abstract
Automatic ship detection on spaceborne optical images is a challenging task, which has attracted wide attention
due to its extensively potential applications in maritime security and traffic control. Although some optical image
ship detection methods have been proposed in recent years, there are still three obstacles in this task, 1) the inference
of clouds and strong waves, 2) difficulties in detecting both in-shore and off-shore ships, 3) high computational
expenses. In this paper, we propose a novel ship detection method called SVD Networks (SVDNet), which is fast,
robust and structurally compact. SVDNet is designed based on the recent popular Convolutional Neural Networks
and the Singular Value Decompensation (SVD) algorithm. It provides a simple but efficient way to adaptively learn
features from the remote sensing images. We evaluate our method on some spaceborne optical images of GaoFen1 and Venezuelan Remote Sensing Satellites. The experimental results demonstrate that our method achieves high
detection robustness and a desirable time performance in response to all above three problems.
Index Terms
Ship detection, Optical spaceborne image, Convolutional neural networks, Singular value decompensation.

I. I NTRODUCTION
Ship detection is one of the hottest issues in the remote sensing image processing field due to both of its military
and civil applications such as maritime surveillance, ship rescue and fishery management. There have been many
earlier researches on ship detection, most of which were aimed at detecting ships in Synthetic Aperture Radar (SAR)
images [1]. In recent years, with the rapid development of optical spaceborn imaging technology, some researchers
have paid more attentions to detecting ships with optical images due to their good properties of higher resolution
and more detailed spatial contents compared to SAR images.
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Fig. 1. Ship detection procedure of the proposed method.

In early times, due to the limited resolution of optical images, some researchers used ship track detection methods
to identify ships [2, 3]. In recent years, some ship detection methods with high resolution optical spaceborn images
have been proposed [4–20]. Most of these methods take a coarse-to-fine detection strategy, and their algorithm flow
can be divided into the following two stages: 1) ship candidate extraction stage, 2) ship verification stage.
In the ship candidate extraction stage, the detection algorithm aims to search out all the candidate regions that
possibly contain the ship targets. In this stage, some frequently used methods include the image segmentation based
methods [4–12], the saliency detection based methods [9, 13, 14], the wavelet transformation based methods [6, 15]
and the anomaly detection based method [16]. A common property of these methods is they are all designed in
some unsupervised manners. Although most of them can give a nice candidate detection results in clear and clam
sea environments, there are at least two situations these methods can not get satisfactory results. The first situation
is detecting ships under clouds, and the second one is detecting ships near the port. Since there are no shape
and structure priors of ships integrated in these methods, they may either cut a whole ship candidate into some
small pieces or make the ship candidates merged to the nearby land or cloud regions. After the ship candidate
extraction stage, there are usually some other postprocessing steps to exclude the backgrounds by morphological
operation methods [12, 15] or neighborhood analysis methods [8]. But the parameters or the threshold values of
these postprocessing methods are usually chosen by hand, which lacks the flexibility and the essential physical
meaning.
In the ship verification stage, each individual ship candidate region is further verified whether it contains a
real ship target. Previous works of this stage [4, 8, 11–13, 15–18] mainly take the advantage of some machine
learning methods by converting the process of this stage into the feature extraction and the binary classification
operations (targets VS backgrounds). The commonly used methods of this stage include support vector machine
(SVM) [4, 8, 12, 13, 17], extreme learning machine [15], Adaboost [16], sparse representation [18] and the neural
networks [11]. Apart from these supervised learning methods, some unsupervised methods are also used in this
stage, such as the contour analysis method [6] and shape analysis method [9, 19].
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The success of machine learning algorithms generally depends on a right way of data representation [21]. In the
past two decades, some famous hand-craft features are proposed such as Gabor features [22], Local Binary Patterns
(LBP) [23], Scale Invariant Feature Transform (SIFT) [24] and Histogram of Oriented Gradients (HOG) [25]. Some
of the previous ship detection methods [8, 9, 12, 16] are also built based on these feature descriptors. Although these
hand-crafted features have made great success for certain data and applications such as pedestrian detection and face
recognition, designing effective features for new applications such as ship detection usually requires large amount
of the domain knowledge, and these hand-crafted features cannot be simply adapted to these new conditions [26].
In recent years, automatically learning feature from data has become a popular way to go beyond the limitations of
hand-crafted features. An example of such methods in image recognition field is Convolutional Neural Networks
(CNN) [27], where multiple trainable convolutional layers and the nonlinear mapping layers are connected in
series with one and another, and finally followed by a supervised classifier, such as SVM or softmax classifier. To
learn the convolutional filters, some simple but efficient methods are proposed recently, such as wavelet scattering
representation method [28] and Principle Component Analysis (PCA) representation method [26]. These methods
use unsupervised learning techniques to represent source domain knowledge. In this paper, we propose a novel ship
detection methods named SVD Networks (SVDNet), which is robust, structurally compact and theoretically sound.
SVDNet is designed by the inspiration of the recent popular CNN structure and the Singular Value Decompensation
(SVD) algorithm, where the SVD algorithm is used to automatically learn convolutional filters from a large amount
of source domain training data. Since the features of our method are adaptively learned from ship and background
image data, our method shows higher robustness and discriminative power.
In our work, we use totally different ship detection ideas compared to the previous methods. SVDNet integrates
the prior knowledge of the ships and backgrounds by training large amount of images. Instead of using hand-crafted
features, the features we used in our method are adaptively learned from spaceborn optical image data. The whole
detection process of the proposed method is shown in Fig. 1. In the ship candidate detection stage, we use three
convolutional layers and three nonlinear mapping layers to highlight all candidates of ship target and suppress the
undesired backgrounds. Then, in the ship verification stage, each ship candidate is further to be verified whether it
covers a real ship target by using feature pooling operation and the linear SVM classifier. In our method, we use the
land mask to remove the land regions. The land mask of the input image is generated by the Global Self-consistent
Hierarchical High-resolution Geography (GSHHG) database with the geographic information of the image. GSHHG
database is created and published by the National Oceanic and Atmospheric Administration (NOAA) Geosciences
Lab, and can be free-download from the Internet [30]. The GSHHG geography data includes coastlines, major
rivers, and lakes of the world, and it comes in five different resolutions: crude, low, intermediate, high, and full.
We use the full resolution data to generate the land mask.
The rest of this paper is organized as follows. In Section II, we will introduce the structure of our SVDNet.
In section III, we will further give a detailed introduction of our feature learning algorithms in SVDNet. Some
experimental results and analysis are given in section IV and section V. The conclusions are drawn in Section VI.
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Fig. 2. A detailed ship detection procedure of SVDNet: Stage 1.

II. N EW S HIP DETECTION METHOD : SVDN ET
In this section, we will give a detailed introduction to the structure of SVDNet and explain how it works in the
ship detection task.
A. Motivations
Most of the previous ship detection methods may face one of the following problems. Firstly, most of them
use unsupervised methods to detect ship candidates, which may become unstable in complex environments. Some
of these methods are empirically designed and have a large number of parameters. Some others consist of many
trivial processing steps, where if one step fails to detect the ship candidates, the targets will not be recovered in
the following processes. Secondly, most of them only focus on detecting off-shore ships, but both in-shore ships
and off-shore ships are important for detection tasks1 . Although there are some methods specifically designed for
detecting in-shore ships [17, 20], few of them can deal with both of them very well. Thirdly, with the fast growing
size of the remote sensing images, the time efficiency of the ship detection algorithm is become more and more
important, which also brings new challenges to the ship detection tasks. Considering all above factors, we believe
a good ship detection method should meet the following three requirements:
1) Robustness: The detection method should be robust to inference of illumination variations, clouds and waves.
2) Generality: The detection method should be able to detect both in-shore and off-shore ships.
3) Computational efficiency: The detection method should have low computational expenses. This is required
especially for large scale remote sensing images.
1 In

this paper, the in-shore ships refers to the ships near the land or adjacent with the port. The off-shore ships refers to the ships far away

from the land.
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Unfortunately, to our best knowledge, no previous ship detection methods can satisfy all these goals at the same
time. On comprehensive consideration of above factors, we propose SVDNet for ship detection. In the next two
subsections, we will give a detailed introduction of SVDNet.
B. Stage 1: Ship Candidate Extraction
We use a multiscale convolutional structure to obtain the ship candidates. The structure of in this stage is shown
in Fig. 2. Suppose that we are given an test images I with the size of H × W , and the filter banks of the 1st , 2nd
and 3rd convolutional layers are represented as
WiC1 ∈ Rk1 ×k1 , i = 1, 2, . . . , L1
WiC2 ∈ Rk2 ×k2 , i = 1, 2, . . . , L2

(1)

WiC3 ∈ Rk3 ×k3 , i = 1, 2, . . . , L1 × L2 ,
respectively, where L1 , L2 and L1 × L2 represent the number of filters in the 1st , 2nd and 3rd convolutional layers,
and k1 , k2 and k3 represent their convolutional filter sizes. In Fig. 2, C1, C2 and C3 represent the 1st , 2nd and
3rd convolutional layers, and M 1, M 2 and M 3 represent the 1st , 2nd and 3rd nonlinear mapping layers. Suppose
Fi1 and Fi2 represent the ith output map of the 1st and 2nd nonlinear mapping layers, and YP represents the output
map of the 3rd nonlinear mapping layer. Then we have
Fi1 = f (I ⊗ WiC1 ), i = 1, ··, L1 ,
2
Fi,j
= f (Fi1 ⊗ WjC2 ), i = 1, ··, L1 , j = 1, ··, L2 ,
∑
2
C3
YP = f (
Fi,j
⊗ Wi,j
), i = 1, ··, L1 , j = 1, ··, L2 .

(2)

i,j

where f (·) represents the element-wise nonlinear mapping function
f (θ) = 1/(1 + e−θ ),

(3)

and ⊗ denotes the 2D convolution operation. In this paper, we call the filters WiC1 , WjC2 as primary filters and
C3
we call the filters Wi,j
as the candidate target filters. We call the output maps Fi1 and Fj2 as the feature maps,

and we call the output map YP as the ship probability map (see table I for more details).
In the first convolutional layer C1, we have L1 primary filters, thus we get L1 feature maps. While, in the second
convolutional layer, since each feature map is regarded as the an individual input, thus this time we have L1 groups
of feature maps, that is to say, we have totally L1 × L2 feature maps. The third convolutional layer C3 takes the
L1 × L2 feature maps of the second layer as its inputs, and it gives L1 × L2 score maps as its outputs. After
that, all score maps are added and then transformed by the non-linear mapping transformation. Finally, the each
pixel value of the input image is mapped into the range of (0, 1), which can be seen as the probability of how
likely the convolutional window covers a ship target. By using this multilayer convolutional structure, we can obtain
hierarchical feature responses on these filters by the multilayer convolutional process. In SVDNet, the C1, M1, C2
and M2 can be seen as the primary feature extraction layers, and C3 and M3 can be seen as the discriminative
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layers. In this way, we obtain a ship probability map YP where all the potential ship targets are highlighted and
the undesired backgrounds are suppressed.
After that, the ship probability map YP is compared with a threshold η, if the probability score YP (x, y) of
the pixel p(x, y) is greater than η, the current convolutional window is identified as a candidate target window,
and need to be further processed, else, the current window is identified as a background. To detect the ships of
different scales, we down-sample the original image to different scales while keep the filter banks as the fixed sizes.
To further reduce the false alarm numbers, the non-maximal suppression [31] is used to select a small set of ship
candidates from ship probability map YP . Finally, the ship candidate windows of different scales are merged to
form the final ship candidate detection results.
TABLE I
T HE DEPLOYMENT OF SVDN ET

Structure unit

Name

Formulation

Size

Number

I

input image

-

H ×W

-

WiC1

primary filters

see Algorithm 1

k1 × k1

i = 1, . . . , L1

C1

convolutional layer 1

I ⊗ WiC1

-

-

f (θ) = 1/(1 +

e−θ )

M1

nonlinear mapping layer 1

-

-

Fi1

feature maps

Fi1 = f (I ⊗ WiC1 )

H ×W

i = 1, . . . , L1

WjC2

primary filters

see Algorithm 1

k2 × k2

j = 1, . . . , L2

-

-

-

-

C2

convolutional layer 2

M2

nonlinear mapping layer 2

Fi1

⊗

WjC2

f (θ) = 1/(1 + e−θ )

2
Fi,j
C3
Wi,j

H ×W

i = 1, . . . , L1 , j = 1, . . . , L2

candidate target filters

see Algorithm 2

k3 × k3

i = 1, . . . , L1 , j = 1, . . . , L2

C3

convolutional layer 3

2 ⊗ WC3
Fi,j
i,j

-

-

feature maps

M3

nonlinear mapping layer 1

YP

ship probability map

Di

hash maps

2
Fi,j

=

f (Fi1

⊗

WjC2 )

e−θ )

f (θ) = 1/(1 +
∑
2 ⊗ WC3 )
f ( i,j Fi,j
i,j
∑L2 j−1
2 )
H(Fi,j
Di = j=1 2

-

-

H ×W

1

H ×W

i = 1, . . . , L1

C. Stage 2: Ship Verification
After getting a set of ship candidate windows, each window is analyzed by more discriminative features to verify
whether it really contains a ship instance. The structure of the proposed method in this stage is shown in Fig. 3
(see table I for more details).
2
In this stage, we use feature maps Fi,j
, the output of M2 layer, as the basic features of each ship candidate. We

first crop the feature maps based on the location and the size of each ship candidate. Then, the feature maps of
each ship candidate is resized to the S × S images to be further processed. In this case, the ship verification task
can be seen as a feature extraction and a basic binary-class classification problem, where each sample image can
be treated as an independent instance to be classified into the “target class” and the “background class”. To obtain
2
better illumination invariance ability, we first binarize the feature maps by H(Fi,j
), where H(·) is an element-wise
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Fig. 3. A detailed ship detection procedure of SVDNet: Stage 2. In this figure we use L1 = 3, L2 = 4 and S = 4B for an example.

binarize function H(t) = {1,
0,

t≥0.5
t<0.5 .

Then, each pixel of the feature map can be seen as a binary vector with L1 × L2

elements. For the ith group of the elements in the pixel vector, we encode the binary vector into a decimal number
by
Di =

L2
∑

2
2j−1 H(Fi,j
), i = 1, 2, . . . , L1 ,

(4)

j=1
2
which converts the feature maps Fi,j
back into several single integer-valued “images” Di . Since this can be simply

viewed as a binary hash coding process, we called Di as hash maps, where the value of each pixel is in the range of
[0, 2L2 −1]. Next, to obtain better shift invariance ability, the hash maps are evenly divided into different blocks with
the block size of B × B pixels. Then, the histogram of a hash map in each block is accumulated, and histograms
L2 −1

of all blocks are concatenated into one feature vector Hist(Di ) ∈ R2

S 2 /B 2 ×1

. At last, feature vectors of all

hash maps are further concatenated together to form the final feature descriptor of the image sample
F EAT = [Hist(D1 ); Hist(D2 ); . . . ; Hist(DL1 )].

(5)

The dimension of the final feature descriptor is
dim(F EAT ) = L1 2L2 −1 S 2 /B 2 .

(6)

On ship verification stage, accuracy and time efficiency are both important factors. The Support Vector Machine
(SVM) [32] is a popular algorithm for classification problems. SVM is a kind of supervised learning method which
draw optimal hyperplane with the largest margin to separate the data into two classes. It has many good properties
such as good generalization ability and rich geometric interpretations. The feature descriptor produced by SVDNet
provides a high discriminative power, thus, considering the computational efficiency, we choose linear SVM as the
classifier in the very end of the ship detection process. In this paper, we use LibLinear package [33] for the SVM
training process.
It should be noticed that although some design ideas and structure elements of our method are borrowed from
PCANet [26] (e.g. the block-wise histograms and hash coding), there are essential differences between them: 1)
Their target problems are different. The PCANet is a kind of feature extraction method which is initially designed for
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classification problem. However, the proposed SVDNet is a kind of target detection method, which contains a series
of detection steps including candidate target detection, target verification and etc. 2) Their network structures are
different. The PCANet consists of two mean-removed layers and two convolution layers, while SVDNet consists
of three convolution layers and three nonlinear mapping layers. In addition, to detect ships of different scales,
SVDNet also introduces the multi-scale down sampling operation. 3) Their input and output are different. The input
of PCANet is a sample image, and its output is the corresponding feature vector, while the input of SVDNet is the
whole remote sensing image and its output is the bounding boxes of all ship targets. 4) Their learning algorithms
are different. The PCANet uses unsupervised feature learning algorithm to learn convolutional filters, while the
SVDNet uses unsupervised + supervised feature learning algorithms. The learning algorithm will be introduced in
the next section.
III. F EATURE L EARNING
In SVDNet, the filter banks WiC1 , WiC2 and WiC3 need to be adaptively learned from the spaceborn optical
image data. In this section, we first introduce the unsupervised feature learning algorithm to learn the primary filters
of C1 and C2 layers. Then we will introduce the supervised feature learning algorithm to learn the discriminative
filters of C3 layer.
A. Learning Primary Filters in C1 and C2 Layers
Feature learning is a way to take advantage of data prior knowledge to compensate for the weakness of the
hand-crafted features. In SVDNet, we use a simple but efficient unsupervised algorithm, SVD, to represent the
data knowledge in C1 and C2 layers. Compared to other feature learning methods such as PCA [26] and wavelet
scattering representation method [28], SVD is more generally applicable and have more extensive physical meanings
[29]. In linear algebra, SVD is a factorization of a matrix with arbitrary size into three matrices. Suppose we have
randomly selected n overlapped patches PiC1 of size k1 × k1 from m original images, i = 1, 2, . . . , n. The pixels of
∈ Rk1 ×1 , and all patches can be are arranged into
each image patch PiC1 can be reshaped into a patch vector pC1
i
2

C1
C1
k1 ×n
. Formally, the SVD of the data matrix PC1 is a factorization
a data matrix PC1 = [pC1
1 , p2 , . . . , pn ] ∈ R
2

of the form
T
PC1 = UC1 ΣC1 VC1
,

(7)

where UC1 ∈ Rk1 ×k1 and VC1 ∈ Rn×n are two orthogonal matrices, ΣC1 ∈ Rk1 ×n is a rectangular diagonal
2

2

2

matrix with non-negative real numbers on its diagonal. The diagonal elements of ΣC1 are known as the singular
values of PC1 . The columns of UC1 and the columns of VC1 are called the left-singular vectors and right-singular
vectors of PC1 , respectively. In this paper, the left-singular vectors uC1
of UC1 with the largest L1 singular values
i
are chosen as the primary filter banks of C1 layer. The filter banks WiC1 can be finally obtained by reforming ûC1
i
back into the 2D filters as follows
reshape

uC1
−−−−−→ WiC1 , i = 1, ··, L1 .
i

(8)
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Fig. 4. By using SVD algorithm, we can adaptively obtain a set of orthogonal bases where each small patch of an input image can be
decomposed as the linear combination of these bases. In SVDNet, we use these these bases with the largest singular value as the convolutional
filters.

Similarly, in C2 layer, we randomly select n image patches PiC2 from the feature maps Fi1 after the C1 and M1
operations, and we have the data matrix PC2 this time, and we have
T
PC2 = UC2 ΣC2 VC2
.

(9)

The column vectors uC2
with the largest L2 singular values are used as the filter banks of C2 layer,
i
reshape

uC2
−−−−−→ WiC2 , i = 1, ··, L2 .
i

(10)

Algorithm 1 gives the feature learning algorithm in C1 and C2 layers.
Algorithm 1 SVD algorithm for C1 and C2 layers
Initialization: Set filter number L1 , and L2 .
Input: m original images I1 , . . . , Im .
1. Learning filters of C1
1.1. Randomly select n k1 × k1 patches from I1 ∼ Im :
k1 ×n
C1
C1
.
PC1 = [pC1
1 , p2 , . . . , pn ] ∈ R
2

T
1.2. Compute SVD: PC1 = UC1 ΣC1 VC1
.

2. Learning filters of C2
2.1. Convolution and nonlinear transformation:
Fi1 = f (I ⊗ WiC1 ), i = 1, ··, L1
2.2. Randomly select n k2 × k2 patches from Fi1 :
C2
k2 ×n
C2
PC2 = [pC2
.
1 , p2 , . . . , pn ] ∈ R
2

T
2.3. Compute SVD: PC2 = UC2 ΣC2 VC2
.
C1
C2
C2
Output: Basis vectors uC1
1 , . . . , uL1 and u1 , . . . , uL2 .

Remark 1: By using SVD, we obtain a set of orthogonal bases of the image data, which describes the basic 2D
structural elements of ship targets and backgrounds. Since UC1 and UC2 are two orthogonal matrices, every image
patch pCl can be decomposed as the linear combination of these orthogonal bases,
Cl
Cl
pCl = α1 uCl
1 + α2 u2 + · · · + αkl2 uk2 , l = 1, 2.
l

(11)
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which is shown in Fig. 4. Thus the inner product of an input image patch and one of these bases turns out to be
the corresponding linear coefficient αi in equation (11)
Cl
⟨WiCl , P Cl ⟩ = ⟨uCl
i ,p ⟩
Cl
Cl
= ⟨uCl
i , (α1 u1 + · · · + αkl2 uk2 )⟩

(12)

l

= αi , l = 1, 2.
Remark 2: Actually, the 2D convolution of an input image with a convolutional filter is almost the same as the
inner product of the filter with all the densely overlapped image patches of this image. The only difference is we
need to rotating the filter 180◦ before convolution. In this way, the 2D convolutional responses of an input image
with one of these filters turn out to be the coefficient maps of these orthogonal bases. That is to say, by taking
these orthogonal bases as our filter banks, the convolutional process provides an adaptive and effective hierarchical
feature representation of the input image.
B. Learning Discriminative Filters in C3 Layer
The aim of the C3 layer is to highlight the ship candidates and suppress the undesired backgrounds. Since we
have to teach our network what a ship target looks like, we use supervised learning algorithm in the third layer to
obtain the filter banks WjC3 . To better understand this, the kernels of the third layer can be simply considered as
the ship target templates, and the convolutions of this layer can be considered as the template matching operations.
The convolution operations of C3 layer can be equally simplified by the following vector inner product expression
y = wT xC3 ,

(13)

C3
C3
C3
; . . . ; wL
] ∈ RL1 L1 k3 ×1 represents the filter banks of C3 layer, and xC3 = [xC3
where w = [w1,1
1,1 ; . . . ; xL1 ,L2 ] ∈
1 ,L2
2

RL1 L1 k3 ×1 represents the detection window of the feature maps. After the nonlinear transformation of the M3 layer,
2

the score f (y) is mapped to (0,1) and can be considered as the possibility that the detection window xC3 covers a
ship target
P (+1|xC3 , w) = f (wT xC3 )
= 1/(1 + e−w

T

xC3

(14)
).

Similarly, the possibility that the detection window xC3 do not cover a ship target can be written as
P (−1|xC3 , w) = 1 − P (+1|xC3 , w)
= 1/(1 + ew

T

xC3

).

(15)
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Suppose we have collected Nt target windows and Nb background windows, then the log-likelihood of all windows
can be represented as
log(L(w)) = log(

N
∏

P (yi |xC3
i , w))

i=1

= log(

N
∏

1/(1 + e−yi w

T

xC3
i

))

(16)

i=1

=−

N
∑

log(1 + e−yi w

T

xC3
i

),

i=1

where N = Nt +Nb is the total number of windows. yi = {+1, −1} represents the label of the target and background
windows. The filters of C3 layer can be easily learned by the Maximum Likelihood Estimation (MLE). Since maximizing the log-likelihood log(L(w)) is just equivalent to minimizing the negative log-likelihood −log(L(w)), the
feature learning process of this layer can be finally represented by solving the following unconstrained optimization
problem
min J(w) =
w

N
T C3
1 ∑
log(1 + e−yi w xi ) + β∥w∥22 ,
N i=1

(17)

where β is a positive weight parameter. The objective function J(w) consists of two parts, where the first part
∑N
2
T C3
i=1 log(1+exp(−yi w xi )) represents the negative log-likelihood, and the second part β∥w∥2 is a regularization
term to reduce the model’s complexity and also to increase its generalization ability. We collect a large number
of candidate windows including in-shore and off-shore ships of different shapes, appearances and in different
illuminations. In this case, the problem (17) can be efficiently solved by the Stochastic Gradient Descent (SGD)
method [29]. SGD and its variants are most commonly used algorithm for large scale optimization problems. It
is very similar to conventional (batch) gradient descent method, except that the gradient is randomly estimated to
perform its update. Concretely, the gradient of (17) with a single input xC3
can be represented as follows
i
yi e−yi w xi
w + 2βw.
T C3
1 + e−yi w xi
T

∇w J(w; xC3
i )=−

C3

(18)

In SVDNet, we use the mini-batch SGD algorithm to solve this problem, where in each iteration, we use a small
subset of the samples (mini-batch) instead of single sample to estimate the gradient. After we obtain the optimal
C3
C3
C3
solution ŵ = [ŵ1,2
; . . . ; ŵL
], the filter banks Wi,j
can be finally obtained by reforming ŵC3 back into L1
1 ,L2

groups of 2D filters as follows
reshape

C3
C3
ŵi,j
−−−−−→ Wi,j
,

i =1, . . . , L1 , j = 1, . . . , L2 .
Algorithm 2 gives the feature learning algorithm in C3 layer.

(19)
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Algorithm 2 mini-batch SGD algorithm for C3 layer
Initialization: Initialize w. Set learning rate µ > 0, maximum iteration number T > 0 and min-batch number
M > 0.
Input: Training data xi and labels yi = {+1, −1}.
for t = 1, 2, . . . , T do
1. Randomly choose a minibatch set of M samples
C3
C3
S = {xC3
1 , x2 , . . . , xM }.

2. Compute the gradient of M samples:
∑
exp(−yi wT xC3
1
i )
∇w J(w; S) = − M
S yi 1+exp(−yi wT xC3 ) w +
i

2β
M w.

3. Update w:
w ← w − µ∇w J(w; S)
end for
Output: w.

TABLE II
D ETAILED INFORMATION OF THE EXPERIMENTAL IMAGES

ID

Satellite

Mode

Image Size (pixel)

XY-Resolution

Topleft Lat.

Topleft Lon.

Landscape

Usage

1

GF-1

PAN

18192×18000

2.5m×2m

39.0605◦

118.177◦

ocean and harbour

train

2

GF-1

PAN

18192×18000

2.5m×2m

39.2687◦

118.103◦

ocean and farmland

test

118.545◦

ocean and harbour

train

3

GF-1

PAN

18192×18000

2.5m×2m

38.9864◦

4

GF-1

PAN

18192×18000

2.5m×2m

39.2635◦

118.628◦

ocean and farmland

test

5

GF-1

PAN

18192×18164

2.5m×2m

38.9878◦

117.804◦

ocean and harbour

train

6

GF-1

PAN

18192×18164

2.5m×2m

39.5437◦

119.105◦

ocean and paddy field

test

−68.0561◦

ocean and city

train

7

VRSS-1

PAN

14154×14266

2.5m×2.5m

10.7384◦

8

VRSS-1

PAN

14132×14239

2.5m×2.5m

10.2769◦

−64.9345◦

ocean and city

test

−65.0075◦

ocean and city

train

9

VRSS-1

PAN

14364×14441

2.5m×2.5m

10.2793◦

10

VRSS-1

PAN

14508×14616

2.5m×2.5m

10.2815◦

−64.9017◦

ocean and city

test

−67.2836◦

ocean and hills

train

11

VRSS-1

PAN

14133×14239

2.5m×2.5m

10.7385◦

12

VRSS-1

PAN

14328×14412

2.5m×2.5m

10.9702◦

−68.3355◦

ocean and islands

test

13

VRSS-1

PAN

14078×14150

2.5m×2.5m

10.9669◦

−64.1251◦

ocean and islands

train

14

VRSS-1

PAN

13894×13967

2.5m×2.5m

10.2747◦

−64.8712◦

ocean and city

test

2.5m×2.5m

10.7330◦

−68.0578◦

ocean and islands

train

15

VRSS-1

PAN

13695×13807

IV. E XPERIMENTAL R ESULTS
In this section, a set of spaceborne optical images of Venezuelan Remote Sensing Satellite (VRSS-1) and GaoFen1 (GF-1) satellites are used to demonstrate the efficiency of SVDNet. Since there is no public ship detection dataset,
and no one has published their source-code or software, we do not directly compare with other methods.
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A. Experiment Setup
We evaluate our algorithm on six panchromatic images of GF-1 satellite and nine panchromatic images of VRSS-1
satellite. These images are taken during different time periods of a day with different light conditions. They contain
the most types of the coastal landscapes such as the ocean, the city and the island. Among these images, eight
of them (with odd image ID) are used for train, and the rest (with even image ID) are used for test. A detailed
information of these images are listed in table II. Before ship detection, the binary land masks of these images are
generated by using GSHHG database and geographical information of the input image. It should be noticed that
since the raw pixel data of the original image is 16-bit depth, thus all images are converted to 8-bit ones by 2%
linear stretch before the detection process. Apart from that, we do not apply any other pre-processing operations.
All ships targets in these images, including the in-shore ships and off-shore ships, have been labeled manually. In
our experiments, some ambiguous ships are not labeled and are excluded from the target set. These ones refer to the
ships whose length are smaller than 20 pixels or partially outside the image. Although some small ships may have
very large ship wakes, we only label those ships with their body lengths larger 20 pixels. Some ships that clustered
by clouds and can not be easily identified by human eyes are also excluded. These ones particularly refer to those
ships whose clustered parts are larger than 2/3 of their sizes and cannot be easily identified unless by an experienced
interpreter. Eliminating all these invalid ship instances, a total of 606 ships are labeled for experiments. Apart from
these images, we also select 1,800 ship samples from other 102 image slices of Google Earth. These ships are
used as extra training samples to provide additional information of the ship targets and enhance the classifier’s
generalization ability. Before training, the data augmentation is performed. For a positive sample image, we first
crop four sub-images with 80% of its size at the left-top, right-top, left-bottom and right-bottom corners. Then, we
resize these sub-images to their original sizes to enhance the classifiers shift-invariance and scale-invariance ability.
Finally, including the original sample image, we obtain (606+1,800)×5=12,030 augmented positive samples in total.
To detect ships in different directions, we also rotate each sample for 8 times (each time for 45 degrees), where
an individual classifier is trained in each direction. The negative training samples are a set of ship-free randomly
sampled patches from the GF-1, VRSS-1 and the Google Earth images. In this way, 12,030 positive samples and
17,000 negative samples are finally used for training the linear SVM classifier. To detect the ships of different sizes,
each image is down-sampled at 14 scales from 1.0 to 10.0 with the unified down-sampled rate at the very beginning
of the ship detection process. A detailed parameter setting of SVDNet is listed in table III. Since the filter size of
C3 is set to k3 = 20 pixels, the smallest ship size and largest ship size that can be detected by our method are
lmin = k3 × 1 = 20 pixels and lmax = k3 × 10 = 200 pixels2 .
2 Since

the resolution of the test images are 2m/pxl and 2.5m/pxl, the detection window can cover most types of the medium and large

ships (40m ∼ 500m). To detect smaller ships, we suggest using higher resolution images.
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TABLE III
PARAMETER S ETTING OF SVDN ET

Stage

Stage 1

Stage 2

Parameter

Value

filter size k1 × k1

7×7

filter size k2 × k2

7×7

filter number L1

8

filter number L2

4

filter size k3 × k3

20 × 20

threshold value η

0.6

sample size S × S

80 × 80

block size B × B

16 × 16

Fig. 5. Convolutional filters of C1, C2 and C3 that automatically learned by Algorithm 1 and Algorithm 2. The 1st row shows the 1st − 8th
filters of C1 layer. The 2nd row shows the 1st − 8th filters of C2 layer. The 3rd − 6th rows show the 8 × 4 = 32 filters of the C3 layer.

B. Overall Results Statistics
In Algorithm 1, we use n = 80, 000 image patches randomly selected from ship targets and backgrounds to learn
the filters. The filter sizes are set to k1 = k2 = 7. In Algorithm 2, we set learning rate µ = 0.001, regularization
coefficient β = 0.01 and the maximum iteration number T = 40, 000. We use all the positive and negative training
samples to learn the filters of C3 layer. Fig. 7 shows the value of the objective function (17) of different iterations
with different choices of mini-batch number M = 10, 20 and 100. In this figure, the horizontal axis values are set
logarithmic scales for a clearer comparison. We can see that when we choose larger mini-batch number M , the
objective function value will decrease faster and become smoother. However, setting larger values of batch-number
M does not mean better. When M is larger than 20, we do not see any obvious improvements of the convergence
speed, but the training time cost has increased quickly from 12.6s to 112.1s. Thus in this paper, we set M = 20.
Fig. 5 shows the first eight filers of C1 and C2 layers that automatically learned by Algorithm 1, and the 8×4 = 32
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Fig. 6. Ship target sample (1st row) and its feature maps (2st row: C1 layer, 3rd − 6th rows: C2 layer). In this figure, we set L1 = 8 and
L2 = 4.
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0.7
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1
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10
10
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Fig. 7. Training process of C3 layer. The objective function values of different iterations are plotted with different choices of mini-batch number
M = 10, 20 and 100. Their total training time costs are 6.4s, 12.6s and 112.1s. The horizontal axis is set as logarithmic scales for a better
comparison. In this paper, we set M = 20.

filters of C3 that automatically learned by Algorithm 2. We can see the C1 and C2 filters typically cover the most
basic image structures of the ship targets, e.g., the edges, stripes and other basic 2D patterns, and the C3 filter
typically cover the structural characteristics of the ship target. Fig. 6 shows the corresponding feature maps of a
ship target, where the 1st row shows a sample ship target, the 2nd row shows the feature maps of C1 layer Fi1 ,
2
i = 1, . . . , 8, and the 3rd − 6th rows show feature maps of C2 layer Fi,j
, i = 1, . . . , 8, j = 1, . . . , 4. Fig. 8 shows

two typical scenes of input images and their corresponding ship probability maps. We can see that SVDNet has
successfully suppressed the undesired backgrounds and highlighted all the ship targets including both in-shore and
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Fig. 8. (a) and (c): Two original image slices. (b) and (d): Corresponding ship probability maps obtained by SVDNet, where a high pixel value
suggests a high probability that the filter window covers a ship target.

off-shore ships.
Our detection algorithm is tested on the seven test images of table II. Some of these images have simple and
calm sea surface, while other images have waves, clouds and some small islands. The precision and recall rate of
the detection results are counted, which are computed as follows
precision = Ntp /(Ntp + Nf p ),
(20)
recall = Ntp /(Ntp + Nf n ),
where Ntp represents number of true-positives, Nf p represents number of false-positives and Nf n represents number
of false-negatives. Detailed information of the test images and the precision and recall rate are listed in table IV,
which suggests an overall high accuracy and stability of our method. In the next two subsections, we will show
some ship detection results of complex environments.
TABLE IV
OVERALL S HIP D ETECTION R ESULT S TATISTICS ON

SEVEN TEST IMAGES

ID

Waves

Clouds

Islands

Ships

Precision

Recall

2

No

No

Yes

92

0.800

0.869

4

No

No

Yes

16

0.571

0.938

6

Yes

No

No

18

0.833

0.900

8

Yes

Yes

No

15

0.467

0.933

10

No

No

No

23

0.920

0.870

12

Yes

Yes

Yes

26

0.885

0.769

14

Yes

Yes

No

23

0.606

0.869

Avg.

-

-

-

30.4

0.726

0.878
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Fig. 9. Some detection results of in-shore ships. Each image slice has the size of 2400 × 2400 pixels. All slices (original 16-bit images) have
been converted to 8-bit images for illustration. It can be seen one ship target is missed in the bottom right image which is adjacent with the
land.

C. Detecting In-shore and Off-shore Ships in Complex Environments
In-shore ships and off-shore ships are both very important to ship detection task. Most previous ship detection
methods only focus on detecting off-shore ships and ignore in-shore ships. In this subsection, we experiment on
some image slices (1600 × 2400 pixels of each slice) which are cropped near the coastline or around the ports to
demonstrate the efficiency of SVDNet. Four typical results are displayed in Fig. 9. We can see most in-shore ships
and off-shore ships are successfully detected.
The cloud occlusions and the inference of large waves are other two main challenges of ship detection. In this
experiment, we also test on some slices (1600×2400 pixels) of complex environments to demonstrate the robustness
of our method. Some of these slices contain clouds and large waves, and some of the others contain both of them.
Four typical results are displayed in Fig. 10. Although one ship is missed and there is one false alarm Fig. 10 (d),
the performance of our method is still acceptable in these complex environments. Although the ship in the middle
of Fig. 10 (d) has low intensity and weak contrary to the background environments, our method still successfully
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Fig. 10. Some detection results of complex environments such as clouds (a, c, d) and waves (b). Each image slice has the size of 2400 × 2400
pixels. All slices (original 16-bit images) have been converted to 8-bit images for illustration.

Fig. 11. A failure example of SVDNet in the extreme environments with large waves. There are no ship targets in this slice but our method
gives a number of false alarms.
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Fig. 12. Precision-recall curves of six different feature descriptors: HOG, LBPri, LBPu2, LBPriu2, PCANet and SVDNet’s stage-2 feature.

detect it.
Fig. 11 shows a failure example of SVDNet in extreme environments with large waves. Actually, there are no
ships in this slice, but our algorithm gives a number of false alarms. These false alarms resemble the small ships
very much in both shape and size, and some of them even can not be easily identified by human eyes. In this
condition, if we just take a local view of each candidate, it is still far from discriminating the ship target from the
waves. One possible solution of this extreme case is to investigate the surrounding environments of the candidate
target, and make use of both local and global information to make the final decision. This will be one of our future
works.
V. E XPERIMENTAL A NALYSIS
In this section, we will give a detailed analysis on the efficiency of our SVDNet including feature performance,
model complexity, parameter analysis and training set built-up strategy.
A. Compare with Other Features
To further illustrate the effectiveness of our method, we compare our SVDNet’s stage-2 feature with some classical
feature descriptors including HOG [25] , LBP [23] and PCANet [26]. We use the same parameter settings of HOG,
LBP and PCANet with those corresponding ones of our SVDNet, including the same sample size S = 80, the same
block size B = 16. Among these features, LBP has three common types: “LBPri”, “LBPu2” and “LBPriu2”, which
represent “Rotation Invariant LBP”, “Uniform LBP” and “Rotation Invariant and Uniform LBP”, respectively. We
use all the augmented ship samples in this experiment as our dataset. We randomly choose 2/3 samples (8020
positives and 11333 negatives) for training and the rest for test (4010 positives and 5667 negatives). Fig. 12 shows
the precision-recall curves of the six types of features: HOG, LBPri, LBPu2, LBPriu2, PCANet and SVDNet’s
stage-2 feature. We can see SVDNet outperforms than other five kinds of features including PCANet. Although
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Fig. 13. Computation time of each stage of SVDNet on the 7 test images. Other time cost refers to disk read time and result labeling time and
etc.

SVDNet shares some common network structures with PCANet, there are two important differences which make
SVDNet a better performance. The first one is the different learning algorithms between SVD and PCA, and the
second one is the SVDNets nonlinear mapping operation which adds nonlinearity and stronger representation ability.
Despite we do not directly compare our SVDNet with some previous ship detection methods, we believe a detailed
comparison with these feature also gives some reflections on their detection performances. Particularly some of
these detection methods are build based these features [9, 12, 16]
B. Computational Complexity and Speedup Method
The basic structural elements of SVDNet is simple and computationally efficient. For example, if we have a H ×W
panchromatic image and a k × k convolutional filter, each pixel of the image needs O(k 2 ) computations, thus the
2D convolution will have the complexity of O(k 2 HW ). The nonlinear mapping layer will have the complexity of
O(HW ). Thus in the ship candidate extraction stage, C1 ∼ C3 and M1 ∼ M3 will totally have the complexity of
O1 = O((k12 L1 +(k22 +k32 )L1 L2 )HW )+O((L1 +L1 L2 +1)HW ). In the ship verification stage, each ship candidate
window will have the complexity of O2 = O(L1 L2 S 2 + L1 S 2 ) for feature pooling, and O3 = O(L1 2L2 −1 S 2 /B 2 )
for linear SVM classification. In practice, k,L1 ,L2 ,S and B are much smaller than the image size H and W , and
S and B are in the same order of magnitude. Assume that there are n ship candidates need to be verified in the
ship verification stage. In this case, the complexity of the whole detection process becomes
OSV DN et = O1 + O2 + nO3
(21)
L1 S 2
n).
B2
In our experiment, the average computational time of each stage of our SVDNet is counted. We test our algorithm
= O(k 2 L1 L2 HW + 2L2 −1

on an Intel i7 PC with 16G RAM. The programming language of the detection framework is C++. The programming
language of feature learning algorithms is Matlab. Some parallel programming techniques are used to speed up the
whole detection process. On ship candidate extraction stage, there are several methods to speed up the convolution
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Fig. 14. (a) Area Under the precision recall Curves (AUC) of the final classifier in the ship verification stage with different parameter
L1 , L2 = {2, 4, 6, 8}, where a higher value of AUC means a better performance. (b) Memory cost of SVDNet for a 10000 × 10000 sized
input image, where we can notice that when L1 = L2 = 8, the memory cost will reach 23Gb. This is a weakness of our method, which need
to be improved in our future works.

operations. For example, the convolution will become much faster if it is applied in Fourier space, since convolution
.
will become the element wise production as I ⊗W = F −1 (F (I)·F (W)), where F is the 2D Fast Fourier Transform
(2D-FFT). We use the OpenCV Filter Engine to accelerate the 2D convolution operations, and we use the Open-MP
toolkits to accelerate the nonlinear mapping operations. On ship verification stage, the feature pooling and the binary
classification process for different ship candidates can be paralleled run in several individual threads. In this stage,
we also use the open-MP toolkits for parallel operation, which makes the program runs 2-3 times fast than in single
thread. Fig. 13 shows the computation time of each stage on the 7 test images. Although Stage-1 takes the most
of the detection time, our algorithm still finishes the whole detection pipeline of a 14000 × 14000 image within
3 minutes. We have also tested on smaller images. Our algorithm takes less than 20 seconds for a 5000 × 5000
image, and takes less than 10 seconds for a 3000 × 3000 image, which fully demonstrates the time efficiency of
our algorithm.
C. Parameter Analysis
There are three important parameters in SVDNet, the filter number L1 , L2 and the threshold value η. In this
subsection, we made two experiments on L1 , L2 and η.
In the first experiment, to choose an appropriate value of η , the recall rates are counted with different choices
of η, which is shown in Fig. V. We can see η = 0.6 is a turning point of the recall rate. When η is set larger
than 0.6, the recall rate decreases quickly. On the other hand, when η is set smaller than 0.6, it will slow down the
following processes and bring additional false positives. In this paper, we choose η = 0.6. In the second experiment,
we test the discriminative ability of the feature pooling process with different choices of L1 and L2 . Fig. 14 (a)
gives an 2D illustration of the linear SVM classification performance on different choices of L1 , L2 = {2, 4, 6, 8}.
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We randomly choose 1/3 samples for training, and we use the left for test. The scores in Fig. 14 (a) refers to the
“Area Under the precision and recall Curves (AUC)”. Clearly, a higher AUC means a better performance. When we
increase the values of L1 and L2 , we can observe obvious improvements of the classifier’s performance. However,
larger L1 and L2 also means larger space complexity and computational cost. Fig. 14(b) shows the memory cost
(bytes) of the networks for a 10, 000 × 10, 000 sized input image. Since we have to save L1 L2 full-sized feature
maps, the memory cost will become extremely large if we set large values of L1 and L2 , unless we divide the
image in several parts and run our method individually. For example, suppose we use a single precision floating
variable to storage each point of the feature map, when L1 = L2 = 8, the memory cost can reach up to 23Gb. This
can be considered as one disadvantage of our method which needs to be further improved in our future works. In
this paper, an appropriate choice of L1 and L2 would be L1 = {4, 6, 8} and L2 = 4.
TABLE V
S HIP DETECTION RECALL RATES OF THE FIRST STAGE WITH DIFFERENT CHOICES OF η.

η

0

0.2

0.4

0.6

0.8

1.0

recall rate

1.000

0.999

0.994

0.960

0.668

0

D. Knowledge Transfer of Google Samples
In this subsection we have made another experiment on the effect of adding Google training samples. In our
method, the uses of the Google samples are summarized as follows:
1) Knowledge transfer: Since we have limited GF-1 and VRSS-1 training samples, the Google samples can
provide additional information of the ship targets.
2) Enhance generalization ability: To improve the adaptability and robustness of different types of remote sensing
images.
3) Data balance: To balance the costs of positive and negative training samples.
In this experiment, we randomly choose 2/3 of the GF-1 and VRSS-1 samples (2020 augmented samples) for
training, and other 1/3 for test (1010 augmented samples). On basis of this, we also test by adding additional
Google ship samples (9000 augmented samples) to our training set. Fig. 15 shows some ship samples from GF-1,
VRSS-1 and Google images. Fig. 16 shows the precision-recall curves of the above two experiments (with Google
samples vs without Google samples). It can be clearly seen that the classification performance has increased by
adding Google samples to the training set, which verifies the rationality of our approach.
VI. C ONCLUSION AND F UTURE W ORKS
We proposed a novel ship detection method for optical satellite image named SVDNet. SVDNet is designed
based on the recent popular CNN and the SVD algorithm, which is efficient, structurally compact and theoretically
profound. The experiments are made on a set of optical images of GF-1 and VRSS-1 satellite, and the experimental
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Fig. 15. Some ship samples collected from GF-1 and VRSS-1 (upper part), and Google (lower part) images.
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Fig. 16. Precision-recall curves with Google samples and without Google samples.

results demonstrate the superiority of SVDNet. Although there are some improved space of our algorithm, we still
consider SVDNet provides a novel and promising ship detection framework, which may give some new cues and
directions in ship detection problems and even other related fields. Our future works will focus on the following
two aspects. The first aspect is to integrate the information of both local and global environments to improve the
detection performance in some extreme environments, and the second aspect is to reduce its memory cost.
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