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Ship detection is one of the most important research contents of ship intelligent navigation and monitoring. As a supplement to
classical navigational equipment such as radar and the Automatic Identification System (AIS), target detection based on computer
vision and deep learning has become a new important method. A target detector called YOLOv3 has the advantages of detection
speed and accuracy and meets the real-time requirements for ship detection. However, YOLOv3 has a large number of backbone
network parameters and requires high hardware performance, which is not conducive to the popularization of applications. On
the basis of YOLOv3, this paper proposes a lightweight ship detection model (LSDM) in which the backbone network is improved
by using dense connection inspired from DenseNet, and the feature pyramid networks are improved by using spatial separation
convolution to replace normal convolution. *e two improvements reduce parameters and optimize the network structure
greatly. *e experimental results show that, with only one-third of parameters of YOLOv3, the LSDM has higher accuracy and
speed for ship detection. In addition, the LSDM is simplified further by reducing the number of densely connected units to form a
model called LSDM-tiny.*e experimental results show that, LSDM-tiny has similar detection speed with YOLOv3-tiny, but has a
lot higher accuracy.

1. Introduction

In the recent years, object detection technologies based on
deep learning have received more and more attention in the
areas of ship intelligent navigation and ship monitoring
[1, 2]. *e rapid perception of the navigational environment
is the prerequisite for ships to sail safely or for shore base to
monitor ships real-time [3].*e perception data collected by
radar and the AIS play an important role in these application
areas [4]. However, how to detect the ship targets by cameras
visually and automatically has become a new challenge for
realizing autonomous navigation or intelligent supervision.

Normally, there are two main types of object detection
algorithms based on deep learning. One is a two-stage de-
tection algorithm, such as Fast R-CNN [5] and its improved
versions Faster R-CNN [6] and Mask R-CNN [7]. Two-stage
algorithms first select candidate targets through the regional
proposal networks (RPN) and, then, complete the prediction
of the target location and category through the detection

network.*e other type is the one-stage detection algorithm,
such as SSD [8], YOLO [9], and RetinaNet [10]. One-stage
algorithm eliminates the step of region proposal and directly
returns the target position and category. All detection al-
gorithms are generally trained on large public data sets to
pursue high accuracy; however, they also require high
hardware performance to be trained and executed.

Unlike ordinary detection models, lightweight detection
models with smaller parameters aim to run on mobile de-
vices or computers with weak computing capabilities. Ian-
dola et al. proposed a lightweight model called SqueezeNet,
in which the parameters are compressed to one-fifth of
AlexNet by using a small convolution kernel and reducing
the number of input and output channels of the convolution
layer [11]. Huang et al. proposed a densely connected
network called DenseNet, in which feature reuse was used to
reduce the parameter of deep networks [12]. Howard et al.
built a lightweight deep neural network called MobileNets
through deep separable convolutions [13]. Zhang et al.
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proposed an efficient convolutional neural network called
ShuffleNet, in which the computational cost was greatly
reduced through pointwise group convolution and channel
shuffling while ensuring accuracy [14].

For ship detection, in addition to accuracy, improving
the detection speed is also important to adapt the model to
existing hardware condition. As the YOLOv3 has a relatively
balanced performance in detection accuracy and speed [15]
and the DenseNet has obvious effect on reducing parame-
ters, this paper focused on researching lightweight ship
detection models by combining the YOLOv3 and DenseNet
and provided a new lightweight detector for high-accuracy
ship detection. *e contribution of this paper includes the
following:

(1) We propose a lightweight ship detection model
called the LSDM, with one-third parameters of the
YOLOv3 network, and higher average accuracy of
94% for ship detection

(2) We propose a simpler version of the LSDM called
LSDM-tiny, with one-eighth parameters of the
YOLOv3 network, double detection speed, and av-
erage accuracy of 93.5% for ship detection

*e rest of the paper is organized as follows. Section 2
outlines the related works of ship detection, Section 3 in-
troduces the network details of the LSDM and LSDM-tiny
based on YOLOv3 and DenseNet. Section 4 gives the ex-
perimental results and comparative analysis. Finally, Section
5 gives the conclusions and future work.

2. Related Works

For image detection, many studies have made improvements
on the basic detection model. Fang et al. used DCGAN to
generate samples and training in the image recognition
model which based by the CNN to improve the accuracy of
image recognition [16]. Meng et al. proposed an approach
based on the Faster R-CNN which corresponds multiple
steganographic algorithms to complex texture objects was
presented for hiding secret messages [17]. Cui et al. proposed
an effective approach to automatically identify photographic
images and computer-generated graphics based on deep
convolutional neural networks (DCNNs) by deepening the
network structure [18].

For ship detection, there are two types of images to be
utilized, radar image and visible image. Generally, the radar
image covers a wider range, and the visible image provides
more detailed information. Dong et al. improved the R-CNN
and proposed a multiangle box-based rotation insensitive
object detection structure for detecting VHR (Very-High-
Resolution) ship images [19]. Yang et al. proposed a de-
tection model based on the multitask rotational region
convolutional neural network to detect dense ships and
predict the direction of ship navigation [20]. Fan et al.
proposed a ship detection method for PolSAR (Polarization
Synthetic Aperture Radar) images based on modified the
Faster R-CNN which is still difficult to detect small targets
near the shore [21]. Zhang et al. optimized the backbone
network of the Faster R-CNN by using SVM to divide the

area of interest and improved effectively the ship detection
effect from SAR images [22]. Jiao et al. proposed a Faster
R-CNN detection framework based on densely connected
multiscale neural networks for detecting SAR ship targets in
multiscale and multiscenarios [23]. Kim et al. proposed a
hybrid method in which Faster R-CNN was used to detect
ships in each image, and the detected ships are, then,
gathered over time to compute probabilities for Bayesian
fusion to determine the classification of ships [24]. *e
abovementioned methods are two-stage algorithms which
have effectively improved detection effect, but need a long
detection time to extract proposal regions through the se-
lective search algorithm or RPN, so they are difficult to
implement real-time detection.

*ere are also many ship detection methods based on
one-stage detection algorithms. An et al. proposed an im-
proved RBox-based target detection framework to improve
detection accuracy and recall [25]. Liu et al. proposed an
improved YOLOv3 algorithm based on the Darknet to re-
alize the detection and tracking of ships in monitored water
areas [26]. Zhang et al. proposed a ship target tracking al-
gorithm based on the YOLO method in which the char-
acteristics of HOG and LBP were combined to solve the
problem of missing or inaccurate positioning [27]. Wang
et al. used SSD to perform transfer learning on Sentinel-1
SAR ship images, improving the detection accuracy and
overall performance [28]. Wang et al. used RetinaNet to
detect multiscale Gaofen-3 ship images and obtained higher
detection accuracy [29]. Chang et al. proposed a YOLOv2
detection structure with reduced number of layers for
detecting SAR ship images, which accelerated the inference
process while maintaining similar detection effects [30].
Zhang and Zhang drew on YOLO’s regression ideas and
proposed a detection structure composed of a backbone
convolutional network and a detection convolutional neural
network, which has a faster detection speed [31]. Generally,
one-stage algorithms have higher detection speed but worse
accuracy than two-stage algorithms. *e abovementioned
methods mainly improved the detection accuracy based on
one-stage detection algorithms. However, their backbone
networks still have a large number of parameters, which not
only bring the risk of overfitting and a big model size but also
constrain them to archive higher detection speed.

To implement real-time ship detection, Qi et al. pro-
posed an improved Faster R-CNN algorithm by scene re-
duction technology to reduce the target scale during
searching [32]. Lin et al. proposed a new network for ship
detection in SAR Images based on the Faster R-CNN, which
improved the detection performance and execution speed
through squeeze and excitation mechanisms [33]. Zhang
et al. proposed a ship detection model called CCNet which
uses a cascaded CNNmodel with REM and RDM, which has
five times less computation than other algorithms [34]. *e
abovementioned methods tried to improve the detection
performance and speed based on two-stage algorithms by
reducing the weight of the object detection proposal region.
However, compared to one-stage end-to-end models, the
candidate areas selection step of the methods is still an
unignorable factor which would slow down the detection
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speed obviously. Zhang et al. proposed a high-speed SAR
ship detection model inspired from the experiments of
MobileNet, YOLO, SSD, and DenseNet, in which deep
separable convolutions instead of ordinary convolutions
were used to reduce parameters and improve detection
speed significantly; however, it leads to part loss of accuracy
[35].

So, with review and analysis of the related works of ship
detection, this paper aims to study lightweight ship detection
models base on one-stage algorithm, which would keep the
accuracy as is possible while reducing the number of pa-
rameters and increasing the detection speed.

3. Lightweight Ship Detection Methods

3.1. YOLOv3. YOLOv3 is an end-to-end object detection
model, and its network structure includes a backbone
network and a detection network [15], as shown in Figure 1.
In the backbone network, an input image is scaled to the size
of 416∗ 416 without changing the aspect ratio, and down
sampled 5 times to extract feature maps. *en, the feature
maps with the size of 13∗13, 26∗26, 52∗52 are output, re-
spectively, to three branches of the detection network to
form a feature pyramid structure, in which the feature maps
in a lower branch are concatenated with the ones in its next
branch by up sampling. Finally, the outputs of the feature
pyramid network are sent to a regression section to carry out
bounding box and category prediction.

*e original backbone network of YOLOv3 is Darknet-
53. Darknet-53 includes 52 fully convolution layers, in which
46 layers are divided into 23 residual units with 5 different
sizes [15]. *e residual units are designed to avoid the
vanishing-gradient problem inspired from the Resnet [36].
*e Darknet-53 is a complex network, and its 40549216
parameters provide a guarantee for the detection accuracy.
However, for the object detection with single category such
as ship, the excessively huge parameters would bring
overfitting risk and slow down the detection speed.

YOLOv3-tiny is a simplified version of YOLOv3, its
backbone network only includes 7 convolutional layers and
6max-pooling layers, and its feature pyramid network is also
simplified by removing the maximum-scale prediction
branch and reducing the number of convolutional layers in
the other two branches. So, YOLOv3-tiny has faster de-
tection speed than YOLOv3 due to its shallow and simple
network structure; however, its detection accuracy is lower
obviously than YOLOv3.

*erefore, for fast ship detection, it is important to
maintain the depth of network for capturing enough fea-
tures to ensure detection accuracy while reducing network
parameters to speed up. In addition, the ship objects are
relatively small in the images, when detecting them by
Darknet-53, and their shallow features should be clear but
their deep features are easy lost after multiple down
sampling. So, how to utilize the shallow features as much as
possible to improve the detection accuracy becomes the key
issue should be solved. *is paper proposes a method of
feature reusing inspired from DenseNet to achieve this
goal.

3.2. Densely Connected Unit. Different with the ResNet,
DenseNet solves the vanishing-gradient problem by con-
necting each layer to every other layer in a feed-forward
fashion. As shown in Figure 2, DenseNet is a narrow network,
in which each layer accepts inputs from all previous layers and
passes the featuremaps to all subsequent layers [12]. Each layer
reuses the global features and adds only a few new features
remaining other features unchanged. *is mechanism of
feature reuse makes the DenseNet has fewer parameters than
traditional convolutional neural networks. In addition, as each
layer can access directly the gradient from the loss function,
the DenseNet optimizes the information flow and gradient
throughout network, which make it easy to be trained and has
low overfitting risk on small training data set.

From Figure 2, it can be seen that DenseNet should keep
the size of feature maps in all layers consistent to connect
each other. However, as we all know, for every deep con-
volutional neural network, the feature maps must be
downsampled multiple times to expand the receptive field
gradually and improve computational efficiency. To solve
this contradiction, DenseNet divides the network into
several densely connected units, and the convolution layers
in a densely connected unit keep same size of feature map,
while a densely connected unit downsamples to its next unit
by average pooling.

As shown in Figure 3, there are two convolution layers in
a densely connected unit. *e first convolution layer called
the bottleneck layer is used to control the number of feature
maps. *e second convolution layer is used for feature
extraction, and the number of convolution kernels in this
layer is called growth rate, as it represents the number of new
features added into the global features in this layer. Since a
densely connected unit only contains new features and
reuses the global features input from all previous layers, the
number of convolution kernels is much less than that of the
ordinary convolution layer. So, the parameters of DenseNet
is reduced greatly; in addition, the feature reuse method is
also useful to improve its detection accuracy for small object
by keeping shallow features in the final global features.

3.3. Backbone Network of the LSDM. For developing a
lightweight ship detection model (LSDM), a new backbone
network is constructed based on the combination of dar-
knet-53 and DenseNet. Table 1 shows structure of the LSDM
backbone network:

In the backbone network, the densely connected unit of
DenseNet is used to replace the residual units in DarkNet-
53. Within a densely connected unit, the number of con-
volution kernels in the bottleneck layer is set to 128, and the
growth rate of the feature extraction layer is set to 32.*at is,
for each densely connected unit, the input feature maps will
be compressed, firstly, to 128, and then, 32 new feature maps
will be added to the global feature. *e size of feature maps
become smaller as the layer goes deeper, and more feature
maps are needed to keep the feature semantic information
abundant.*at is, as the size of feature maps decreases, more
densely connected units are needed to increase their
number. *erefore, in the whole backbone network, 5 levels
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of densely connected units are adopted with increased
numbers of 1, 2, 4, 8, and 16, and the average pooling is used
to downsample from one level to its next level. As a result,
the backbone network contains 63 convolution layers, and
the final number of global feature maps is 1024.

Although there are 11 more layers than Darknet-53, due
to the existence of bottleneck layers in densely connected
units and feature reuse mechanism, the proposed backbone
has fewer parameters than Darknet-53. *e parameter
number of a convolution layer can be calculated by the
following equation:

P � kh × kw × Cin × Cout, (1)

where P is the number of parameters, kh × kw is the size of
the kernels, Cin is the number of input channels, and Cout is
the number of output channels.

*e parameters of the last residual unit in Darknet-53
and the last densely connected unit in the LSDM backbone
network are shown in Table 2. In terms of the whole net-
work, the parameter number of the LSDM backbone net-
work is 3175264, which is just 7.8% of 40549216 that of the
Darknet-53.
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Figure 2: *e structure of dense connection.
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3.4. Backbone Network of LSDM-Tiny. A further com-
pressed backbone network for LSDM-tiny is also investi-
gated. Since the number of global feature maps is related to
the number of densely connected units, reducing the
number of densely connected units will further decrease the
parameters; however, it will also decrease the detection
accuracy. In order to keep accuracy as much as possible
while reducing densely connected units, a compromise
method is applied in the backbone network of LSDM-tiny.
*ere are only two densely connected units no matter which
levels; however, a convolution layer with a convolution
kernel size of 1∗1 is added between level 2 and level 3 and
between level 3 and level 4, respectively, to increase the
dimension of features. *e whole structure of the backbone

network of LSDM-tiny is shown in Table 3, and its parameter
number is 1291104, which is only 40% of the backbone
network of the LSDM and 3% of the Darknet-53.

3.5. LSDM and LSDM-Tiny. *e abovementioned backbone
networks are, then, used to replace the Darknet-53 on the
basis of YOLOv3 to form completed ship detection network
LSDM and LSDM-tiny. *e overall structure of the LSDM is
shown in Figure 4. *e output of densely connected units in
the last three levels in the backbone network are sent to the
right feature pyramid network as inputs. Finally, the three-
scale feature maps output by the feature pyramid are used to
carry out detection.

Conv 1 × 1

Conv 3 × 3

Concat +

Figure 3: *e structure of the densely connected unit.

Table 1: *e structure of the LSDM backbone network.

Type Filters Size/stride Output size
Conv 32 3∗3/1 416∗416

Avg_pool 2/2 208∗208

1x Conv 128 1∗1/1 208∗208
Conv 32 3∗3/1 208∗208

Avg_pool 2/2 104∗104

2x Conv 128 1∗1/1 104∗104
Conv 32 3∗3/1 104∗104

Avg_pool 2/2 52∗52

4x Conv 128 1∗1/1 52∗52
Conv 32 3∗3/1 52∗52

Avg_pool 2/2 26∗26

8x Conv 128 1∗1/1 26∗26
Conv 32 3∗3/1 26∗26

Avg_pool 2/2 13∗13

16x Conv 128 1∗1/1 13∗13
Conv 32 3∗3/1 13∗13

∗*e units with gray color are densely connected units (its structure is shown in Figure 3).

Table 2: Parameters comparison between the residual unit and densely connected unit.

Structure Layer Kernel size Input channel Output channel Parameters

Residual unit Conv 1∗1 1024 512 524288
Conv 3∗3 512 1024 4718592

Densely connected unit Conv 1∗1 992 128 126976
Conv 3∗3 128 32 36864
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In addition to the backbone network, the feature pyr-
amid network is also improved.*e 3∗3 convolution layer of
the last branch is split into a combination of 3∗1 and 1∗3
convolution layers which can be called spatial separation

convolution. Spatial separation convolution can reduce the
parameter number by half, and it will perform best in the last
branch because there are mostly small-scale feature maps.
Table 4 shows the parameters comparison between the

Table 3: *e structure of the LSDM-tiny backbone network.

Type Filters Size/stride Output size
Conv 32 3∗3/1 416∗416

1x Conv 128 1∗1/1 416∗416
Conv 32 3∗3/1 416∗416

Avg_pool 2/2 208∗208

2x
Conv 128 1∗1/1 208∗208
Conv 32 3∗3/1 208∗208
Conv 256 1∗1/1 208∗208

Avg_pool 2/2 104∗104

2x
Conv 128 1∗1/1 104∗104
Conv 32 3∗3/1 104∗104
Conv 640 1∗1/1 104∗104

Avg_pool 2/2 52∗52

2x Conv 128 1∗1/1 52∗52
Conv 32 3∗3/1 52∗52

Avg_pool 2/2 26∗26

2x Conv 128 1∗1/1 26∗26
Conv 32 3∗3/1 26∗26

Avg_pool 2/2 13∗13

2x Conv 128 1∗1/1 13∗13
Conv 32 3∗3/1 13∗13

∗*e units with gray color are densely connected units (their structure is shown in Figure 3).
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standard convolution and spatial separation convolution in
the feature pyramid network.

In summary, by using new backbone network and spatial
separation convolution, the total parameters of the LSDM is
20022112, which is about 32% of YOLOv3.

LSDM-tiny can be transformed from the LSDM by
replacing the backbone network with that for LSDM-tiny
(As shown in Table 3) and deleting the branch on the 52∗52
scale in the feature pyramid network.*e total parameters of
LSDM-tiny are 7054368, which is about 36% of the LSDM
and about 12% of YOLOv3.

3.6. Model Training Details. In order to improve the de-
tection accuracy of the LSDM and LSDM-tiny and speed up
their training speed, some tricks also can be added. Firstly,
the LeakyReLU activation function is used to replace ReLU
(Rectified Linear Units), and the negative half-axis slope of
the function is set to 0.1; its formula is shown in the fol-
lowing equation:

f xi(  �

xi, xi ≥ 0,

xi

a
, xi < 0, a � 0.1.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(2)

Secondly, to make the models converge faster, mo-
mentum is added to the SGD optimizer, and the improved
optimization function is shown in the following equation:

v � β × v − α × dx,

x � x + v,
(3)

where β is the momentum parameter set to 0.949, and the
initial value of variable v is set to 0.

*irdly, in order to reduce the risk of overfitting, weight
decay for the parameters of the convolution layers is used,
and its attenuation coefficient is set to 0.000489.

4. Experiments and Analysis

4.1. Ship Image Dataset. *e ship image dataset contains
2270 pictures captured by web crawlers and processed by
data enhancement methods such as random image flipping,
noise addition, and color enhancement. Also, its annotation
file contains ship category information (only ships here,
labeled 0) and normalized bounding box coordinate in-
formation. 80% of the dataset is used to train models, and
20% is used for testing. Figure 5 shows some samples of the
training dataset.

4.2. Experiment. *e LSDM and LSDM-tiny are imple-
mented by PyTorch, and their performances are investigated
and compared with YOLOv3 and YOLOv3-tiny on the
abovementioned dataset under an NVIDIA GTX1060 (3 g)
environment. *e evaluation indicators include precision,
AP (Average Precision), recall, F1, parameter number, and
FPS (Frames Per Second). *e value of FPS is the average

Figure 5: Samples of the training dataset.

Table 5: Comparison of model training results.

Recall Precision AP F1 Parameters (M) FPS
LSDM 0.954 0.851 0.940 0.899 20.02 16.97
YOLOv3 0.946 0.830 0.930 0.884 61.47 13.48
LSDM-tiny 0.958 0.804 0.935 0.874 7.05 27.09
YOLOv3-tiny 0.916 0.707 0.881 0.798 8.66 29.49

Table 4: Parameters comparison of standard convolution and spatial separation convolution.

Structure Layer Kernel size Input channel Output channel Parameters
Conv2d Conv 3∗3 512 1024 4718592

Separable conv Conv 3∗1 512 512 786432
Conv 1∗3 512 1024 1572864

Mathematical Problems in Engineering 7
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Figure 6: Detection effect comparison: (a) single ship detection; (b) multiple ships detection.

8 Mathematical Problems in Engineering



number of detected images per second obtained by detecting
1000 images through the detection network.

*e experiment results are shown in Table 5:
Figure 6 shows the detection effect of the four models,

LSDM-tiny, YOLOv3-tiny, LSDM, and YOLOv3. Figure 6(a)
is the case for single ship detection, and Figure 6(b) is the
case for multiple ships detection.

4.3. Analysis. *e abovementioned results show that the
LSDM has higher FPS than YOLOv3. As expected, with only
one-third parameters, the LSDM is faster than YOLOv3
when detecting ships. More importantly, the LSDM also has
better performances in “Recall,” “Precision,” “AP,” and “F1”
than YOLOv3. *at is, the LSDM has higher accuracy than
YOLOv3.

It can be clearly observed in the detection effect image for
single ship detection in the Figure 6(a) that the LSDM is
superior to other models in terms of positioning accuracy
and classification effect due to its deeper network depth. For
multiple ship detection in the Figure 6(b), it also can be
observed that the LSDM’s positioning is the most accurate
and has no problems of missed detection and misdetection
happened in other models due to its retaining of shallow
features. From the comparison results, the effect of feature
reusing in densely connected units is validated.

*e abovementioned results also show that LSDM-tiny is
much faster than the LSDM and YOLOv3 as expected. *e
“FPS” of LSDM-tiny is about double that of YOLOv3, but a
bit less than that of YOLOv3-tiny. However, LSDM-tiny has
a higher accuracy than YOLOv3-tiny. It can also be clearly
observed in the detection effect image in Figure 6 that the
densely connected units of LSDM-tiny make the classifi-
cation score and positioning accuracy better than YOLOv3-
tiny both in single ship and multiple ship detection cases.
*is comparison results further validate that it is important
for improving detection accuracy of a small object to keeping
shallow features into the final global features.

5. Conclusions

*is paper proposes a lightweight ship detection model
(LSDM) based on YOLOv3 and DenseNet. In the LSDM, the
features of the shallow layer are allow to be retained and used
in subsequent layers. *is mechanism reduces, greatly, the
parameters and optimizes the structure of the backbone
network, and spatially separated convolution is used to
further reduce the parameters in the feature pyramid net-
work. *e two improvements make the parameters of the
LSDM be only one-third of YOLOv3. Also, the experimental
results show that the LSDM is not only faster than YOLOv3
but also has higher accuracy.

Furthermore, a model called LSDM-tiny is constructed
as a simple version of the LSDM. By reducing the number of
densely connected units, the parameters of LSDM-tiny is
only one-eighth of YOLOv3. *e experimental results show
that the detection speed of LSDM-tiny is about double that
of YOLOv3, with losing a little accuracy. Also, comparing
with YOLOv3-tiny, LSDM-tiny has a similar detection speed

but has a higher accuracy due to the reuse mechanism of
feature maps.

*e LSDM and LSDM-tiny are proposed for fast ship
detection on existing normal even poor hardware condition.
In the future, two aspects will be studied further. First, for
the problem of uneven detection of positive and negative
samples in YOLOv3, how to add a stricter penalty mech-
anism to reduce the impact of negative samples will be
studied. Secondly, to detect a small ship object in the camera
images, how to increase multiscale detection channels while
maintaining a small number of parameters will be studied.
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