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Abstract

Unmanned Aerial Vehicle (UAV)-based systems are gaining increasing attention in the maritime industry, but one of their
major challenges is accurately identifying vessel types from bird-view images captured by UAV. The use of computer vision
and deep learning technologies in image recognition requires large amounts of annotated images for model training, but
collecting and manually annotating these images is a costly and time-consuming task. To overcome these challenges, we
propose a novel Viewpoint Adaptation Ensemble Contrastive Learning (VAECL) framework. With the VAECL framework,
first, an improved deep generative model (DGM) is constructed to learn the distribution of the limited vessel image data and
to generate more images for data augmentation. Second, transfer learning using a pre-trained Inception V3 network is then
presented for vessel viewpoint transfer and adaptation learning. Third, contrastive learning paradigm is adopted by formulating
a new loss function to obtain more contrastive feature representation via pre-training. Finally, an ensemble learning algorithm
is highlighted to further improve the performance of vessel type recognition. Extensive experiments on a newly-established
dataset reveal the following encouraging findings: 1) VAECL can achieve high accuracy of 92.96% with proper parameters;
2) DGM-based image augmentation improves the accuracy by at least 14.68%, and it performs better than the traditional data
augmentation techniques; 3) viewpoint transfer learning surges the accuracy by as high as 18.50%; 4) contrastive learning
increases performance by at least 2.79% in terms of accuracy; 5) ensemble learning enhances the accuracy by as high as
1.03%.

Keywords: Maritime transportation, vessel type recognition, viewpoint adaptation, ensemble, contrastive learning
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1. Introduction

Since 2010, Unmanned Aerial Vehicle (UAV) has been
gaining significant popularity in various civilian uses, such
as agriculture, environment, transportation, construction and
mining, etc., primarily due to their growing accessibility in
terms of flexibility, automated features like navigation and
flight control, and affordability (Su et al., 2022). In recent
years, UAV-based systems have revolutionized traditional mar-
itime transportation by increasing intelligence, safety and se-
curity. They have drawn attention due to their high efficiency
and low cost, with promising applications in traffic manage-
ment (Yang, 2019), ship-shore drone delivery (Agata, 2021),
pollution surveillance (Messinger & Silman, 2016), vessel emis-
sion monitoring (Sun et al., 2022b), water depth estimation(Liu
et al., 2022a), and maritime search & rescue (Sun et al., 2022a).
Vessel identification is a fundamental and crucial area of re-
search in the UAV-based systems in maritime. Furthermore,
the type of vessel, i.e., container vessel, tanker vessel, bulk
carrier, etc., is a very reliable indicator for precisely identify-
ing the vessels, as it has been classified and categorized based
on internationally recognized classification systems, and typi-
cally cannot be altered without compliance with relevant regu-
lations. As a result, the recognition of vessel types plays a cru-
cial role in facilitating both vessel identification and the suc-
cessful implementation of UAV-based systems in maritime.

For the UAV-based systems in maritime, camera is mounted
on the UAV that is usually dozens of meters above the sea
level (Frederiksen & Knudsen, 2018). The cameras capture
the images from a bird-view with different perspectives, mak-
ing the accurate recognition of vessel type becomes a chal-
lenging problem. In particular, Fig. 1 provides an example of
the UAV-view images of a general cargo ship and a bulk car-
rier ship. In Fig. 1 (a), the onboard crane equipment, which is
a crucial factor, is mostly obscured from view by the bridge,
making it challenging to be distinguished from the bulk car-
rier shown in Fig. 1 (b). Moreover, cutting-edge computer vi-
sion and deep learning approaches necessitate large amounts
of annotated training images with the same or similar distri-
bution as the test data. Image collection, as well as the follow-
up manual annotation, is however costly and time-consuming
tasks. These challenges spurred a new line of research that
focused on finding more effective methods. Therefore, in this
work, we attempt to introduce a viewpoint adaptation learn-
ing approach based on limited image data to overcome these
challenges.

Deep learning models have been successful in image clas-
sification, but they require a large amount of data for effective
training (Saufi et al., 2020). However, the collection and hu-
man labeling of large-scale UAV-view images in the maritime
environment are time-consuming and costly (Wang et al., 2021a).
In order to compensate for the shortage of data insufficiency,
we are motivated to develop a robust method capable of gener-
ating new images with similar pixel distribution to the original
images. In this work, we leverage the framework of generative
adversarial network (GAN) to learn the data distribution from
limited vessel image samples via adversarial training (Yang

(a) General Cargo Ship (b) Bulk Carrier Ship

Figure 1: An example of a general cargo ship and a bulk carrier ship.

et al., 2021). In particular, an improved DGM (Gulrajani
et al., 2017), i.e., conditional Wasserstein deep convolutional
GAN with gradient penalty (C-WDCGAN-GP), is designed
by considering different types of vessels and ensuring more
stable gradients during network training (Gao et al., 2020).

Transfer learning is a method that allows us to utilize well-
trained models for new problems, providing a convenient and
efficient approach to save time. This is especially useful when
the existing models have been trained on large amounts of
data and retraining from scratch on new datasets would be
difficult (Ahmed et al., 2021). Inspired by this, we high-
light an ensemble architecture of two pre-trained deep learn-
ing models for viewpoint adaptation learning of the vessel im-
ages from the UAV’s perspectives. The ensemble architecture
employs multiple classifiers on the dataset and integrates the
results using an ensemble logic, aiming to enhance perfor-
mance. The individual deep learning model is trained using a
contrastive learning paradigm, which involves formulating a
new loss function for training. The contributions of this study
are summarized as follows:

1. To the best of our knowledge, this is the first study to
explore the vessel type recognition problem under the
challenge of insufficient data;

2. We established a new human-annotated vessel image
dataset called DVTR (Dataset for Vessel Type Recogni-
tion) containing both bird-view and front-view images
for experiments, which is also publicly available to fa-
cilitate future research;

3. We present the C-WDCGAN-GP method for the data
augmentation of vessel images with limited samples,
which helps compensate for the lack of learning capa-
bility with a small dataset;

4. We propose a novel viewpoint adaptation ensemble con-
trastive learning (VAECL) framework to improve the
accuracy and robustness of vessel type recognition.
VAECL consists of two separate networks that work to-
gether as an ensemble. These networks are trained us-
ing novel pre-training and fine-tuning procedures.
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Figure 2: The workflow of our proposed method for vessel type recognition, where ”BC”, ”CS”, ”GC” and ”TA” stand for ”bulk carrier ship”, ”container
ship”, ”general cargo ship” and ”tanker ship”, respectively.

The remaining of this paper is organized as follows. Sec-
tion 2 presents a comprehensive summary of previous stud-
ies on vessel type recognition. Section 3 presents the de-
tails of our proposed methods including fundamental back-
ground knowledge, C-WDCGAN-GP-based image data aug-
mentation, and VAECL framework. Section 4 reports ex-
perimental findings and analyses on the constructed DVTR
dataset. The work’s conclusions are summarized in Section 5.

2. Related Work

Vessel type recognition has gained significant attention
in recent studies, resulting in various algorithms proposed to
solve the problem using different data sources. These sources
include 1) vessel trajectory; 2) radar image; 3) optical image;
4) computer-simulated image; 5) CAD model profile of the
ship; 6) audio signal data; 7) laser sensor data; and 8) hybrid
data sources. In the subsequent paragraphs, we will examine
studies that were modelled based on these data sources.

In the work by Huang et al. (2018), an extreme gradient
boosting (XGBoost) classifier based on trajectory data was
constructed for fishing vessel type recognition. Zhang et al.
(2021) visualized the voyage trajectories of the fishing vessel
as characteristic trajectory map. Following that, a pre-trained
VGG16 network was introduced for fishing vessel classifica-
tion with the feature trajectory map as input. Marzuki et al.
(2017) extracted features from the vessel monitoring system
(VMS) position data in an unsupervised way by Gaussian
mixture model (GMM). Then, supervised learning algorithms
based on random forest and support vector machine were em-
ployed for fishing gear identification. In the study by Yang
et al. (2022), vessel type recognition based on automatic iden-
tification system (AIS) data was investigated. The AIS data is

pre-processed and transformed into trajectory images with la-
bels, and a convolutional neural network (CNN) model was
developed to learn over these generated trajectory images. In
the study by Buscema et al. (2023), they introduced a method
utilizing artificial neural networks (ANN) to categorize ship
types using information from the ship’s radar trajectory. The
radar trajectory data used for this classification comprises at-
tributes such as identification, location, instantaneous speed,
and heading. Xu et al. (2023) presented an approach for ship
classification that relies on trajectory data, utilizing the light
gradient boosting machine (LightGBM). They further improved
the classification accuracy by incorporating additional fea-
tures like the offshore distance.

In the study by Hou et al. (2020), a high-resolution satel-
lite synthetic aperture radar (SAR) image dataset was col-
lected. The detection and recognition of ships in SAR im-
ages was performed by a CNN model with an average ac-
curacy of 79%. Zhu et al. (2016) proposed a novel method
based on the projection shape template (PST) of SAR images
to enhance the accuracy and robustness of the recognition.
The PST is obtained by projecting the 3-D model to the 2-D
slant-plane image. Zhao et al. (2023) developed an improved
YOLOv5s, consisting of a convolutional block attention mod-
ule (CBAM), receptive fields block (RFB) and adaptively spa-
tial feature fusion (ASFF), for vessel detection and classifica-
tion from satellite SAR images.

Voinov et al. (2018) introduced a faster R-CNN Inception-
ResNet (FRCIR), which combines residual connections with
the Inception architecture, for automatic vessel object detec-
tion and recognition form optical satellite images. The pre-
sented method exhibits potential near-real time applications.
The research work by Santos & Bhanu (2018) simulated ad-
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ditional sensor data by applying image transformation on the
original optical vessel images. This can improve the robust-
ness of the CNN model for classification tasks. Furthermore,
the contextual information was exploited to calculate and up-
date the classification confidence of the CNN predictions. Chen
et al. (2020b) developed a cascaded CNN network (i.e., CFC-
CNN) based on ship image data. It is trained by a coarse
step followed by a fine step. The coarse step is trained in
a similar way to the vanilla CNN, while the fine step lever-
ages regularisation mechanisms to extract more intrinsic fea-
tures and fine-tune the weights. Liu et al. (2019) demon-
strated a deep residual network with cross-layer jump con-
nection policy for ship recognition and tracking from camera
video datasets. The work by Chen et al. (2020a) focused on
the maritime surveillance video data by suggesting a you only
look once (YOLO) deep learning framework to address the
research problem of ship recognition. The recent YOLO v7
version has also been used by Haijoub et al. (2023) for ship
detection and recognition purposes. Salem et al. (2023) intro-
duced a transfer learning approach using the EfficientNetB0
network for classifying vessel types. The authors applied par-
ticle swarm optimization (PSO) for optimizing hyperparam-
eters to further improve the performance of the model. Han
et al. (2021) highlighted an efficient information reuse net-
work for fine-grained recognition of vessels. To optimize the
use of multi-layer information and eliminate information re-
dundancy, the network includes a dense feature fusion net-
work. To enhance performance, a dual-mask attention mod-
ule refines the fused features. Ren et al. (2021) constructed
a ship recognition algorithm based on CNN and Hu invariant
moments. First, CNN is employed to extract features of ship
image after denoising and segmentation. Second, the image
is divided into sub-images horizontally, and Hu invariant mo-
ments is then extracted. Third, CNN features and Hu invariant
moments are fused to a classifier. Wang et al. (2022) devised
a multi-scale paralleling CNN model for military ship recog-
nition and classification. The method parallelizes convolution
branches with different receptive fields to extract the feature
of images of different sizes. Experimental results showed that
the formulated method can achieve 84.79% accuracy on the
dataset. Meng et al. (2022) demonstrated a global to local
progressive learning model for fine-grained ship recognition.
In order to obtain high-level global features, the feature pyra-
mid attention module is first introduced. Second, the output
global features enable the weighting of local key pixel values
in the target feature region and progressively guide the learn-
ing of local feature extraction networks at various resolution
levels. Finally, the global to local progressive module’s out-
put vector and the backbone network’s output are combined
for classification.

The research work by Karabayır et al. (2017) firstly ex-
plored the high resolution range profiles of the CAD models
of different ships to establish a CNN network for radar target
recognition. Shen et al. (2020) probed the ship type classi-
fication problem using the hydrophone acoustic data. It in-
troduced a CNN network with multiple auditory-like mecha-

nisms for recognizing the type of ship. In the research con-
ducted by Yildirim (2023), they introduced a deep learning
approach for recognizing ship types based on audio signals.
Their method involves converting the audio signal into the
frequency domain through Fourier transform, resulting in the
creation of frequency-magnitude graphs as images. Subse-
quently, they constructed a ResNet50 network for the pur-
pose of classifying these images. For the ship recognition
based on laser sensor data, Zheng et al. (2023) applied the
concept of transfer learning to identify small fishing vessels
using laser sensor data. Initially, they applied a polynomial
fitting technique to extract the contours of fishing vessels.
Next, they converted these one-dimensional vessel contours
into two-dimensional images. Lastly, they employed the VGG-
16 model for the vessel type recognition process.

In addition to using only one data source, Liu et al. (2021)
provided a method using hybrid data sources including marine
radar and closed-circuit television (CCTV) images. First, the
marine radar image is characterized to obtain a region of in-
terest (ROI) area via a coarse detection of the ship. Following
that, a CNN model is set up for the ship recognition based on
the CCTV images. Similarly, Sun et al. (2022a) highlighted a
network network based on domain adaptation and transformer
for horizontal view ship images recognition. The ship images
consist of real image and computer-simulated image. The lo-
cal maximum mean discrepancy was utilized in the domain
adaptation block to overcome the domain barrier between real
and simulation images. Furthermore, a transformer was con-
structed to extract features for classification task.

Upon examining the available studies on identifying ves-
sel types, it becomes evident that previous works have not
adequately addressed the issue of limited data. Additionally,
these methods have not explore the potential of bird-view im-
age recognition for optical images. Moreover, cutting-edge
techniques like contrastive learning have not been extensively
investigated within this domain. Furthermore, a thorough and
comprehensive exploration of various existed pre-trained mod-
els for transfer learning has not been extensively conducted on
this field.

3. Methodologies

In this section, we provide a comprehensive overview of
the techniques utilized in this study. Section 3.1 introduces
the key concepts and algorithms, such as GAN, CNN, Incep-
tion V3, contrastive learning, and ensemble learning. Sub-
sequently, the C-WDCGAN-GP method for image data aug-
mentation is described in detail, aimed at addressing the insuf-
ficiency problem of training data. Finally, the VAECL frame-
work, which integrates multiple techniques to achieve enhanced
vessel type recognition performance, is presented. A com-
plete workflow is presented in Fig. 2, encapsulating the data
augmentation and ensemble learning steps involved in our ap-
proach.
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Figure 3: The architecture of C-WDCGAN-GP for vessel image augmentation. ”tcov” stands for transposed convolution. ”DO” is the abbreviation for
dropout. B denotes the batch size.

3.1. Fundamental Backgrounds
3.1.1. Generative Adversarial Network (GAN)

GAN has made a huge impact in synthesizing new data
samples by giving a prior data distribution (Wu et al., 2021).
A basic GAN framework consists of a generator G and a dis-
criminator D, which are simultaneously trained (Goodfellow
et al., 2014). The G is to capture the data distribution, while
D is to estimate the probability of a sample being from the
training data rather than G. The training procedure for G is to
maximize the probability of D making a mistake, while for D
is to minimize the discriminative error. The GAN framework
is introduced to learn the distribution from limited UAV-view
vessel images and tried to generate more reliable images to
compensate the shortage of limited image data.

3.1.2. Convolutional Neural Network (CNN)
CNN is a basic deep learning architecture that is capable

of preserving and extracting the spatial features of the input
data (Gu et al., 2018). A typical layered CNN architecture
contains two different variants of operator, i.e., convolution
and pooling. The convolution operation C (x, y) is based on
the Laplacian filters to generate feature maps of the input data
or the last hidden features h (x, y), as formulated by

fconv (x, y) =
M∑

x=1

N∑
y=1

h (x, y) ∗C (x, y) . (1)

Then, a nonlinear transformation is applied to represent the
output feature maps into a higher and more abstract level (Le-
Cun et al., 2015). The pooling operator (e.g., maximum, min-
imum, average, etc.) is intrinsically performed as the down-
sampling of its input. Finally, a fully-connected layer is at-
tached to the top of the CNN network to perform classification

tasks. Many pre-trained CNN models have been developed
for fine-tuning downstream tasks, and this can be particularly
advantageous for the task of recognizing vessel types.

3.1.3. Inception V3
Since 2014, the quality of CNN network architectures has

been substantially improved by utilizing deeper and wider
networks as well as the pre-training technology that has be-
come a well-established paradigm in many computer vision
tasks (Wang et al., 2021b). The Inception architecture is one
of the successful stories. As the third version of the GoogLeNet
family, Inception V3 (Szegedy et al., 2016) is a CNN that
was initially presented in the ILSVRC-2015 image classifica-
tion challenge and obtained a high accuracy (Al Husaini et al.,
2022). The pre-trained Inception V3 network was trained on
the ImageNet database, and it is able to classify images into
1,000 categories. The preliminaries of Inception V3 are to
introduce several strategies for optimizing the network and
loosening the constraints for easier model adaptation. Such
strategies include factorized convolutions, regularization, di-
mension reduction, parallelized computation, and so on. In-
ception V3 incurs lower computational costs (Ahmed et al.,
2023), which is a critical factor to take into account in our
research.

3.1.4. Contrastive Learning
Contrastive learning (CL) is a popular self-supervised

paradigm and has made great success in computer vision tasks
in recent years (Wang & Qi, 2022). Its goal is to find a para-
metric function fθ that maps the input image x ∈ RD to a
feature representation z ∈ Rd, so that the representation z in
the feature space can reflect the semantic similarities in the
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input space (Wang & Qi, 2022). To achieve this, a contrastive
loss is brought forward to optimize the network fθ, which en-
courages z and its positive pair z′ to be close in the feature
space while pushing away representations of all other nega-
tive pairs, where images from the same classes are defined
as positive pairs while images from different classes as neg-
ative pairs. In self-supervised learning, contrastive loss is to
maximize the agreement of representations of different views
of the same instance while minimizing the agreement with
other negative samples. CL can extract more distinctive and
discriminative features, which serves a valuable asset in our
vessel type pattern recognition efforts.

3.1.5. Ensemble Learning
Ensemble learning fuses multiple hypotheses of the base

learners to form a better hypothesis, yield producing more ac-
curate and robust results (Zhang et al., 2020; Zheng et al.,
2018). The fusion functions that determine the ensemble out-
put are diverse, including voting, averaging, stacking, bag-
ging, boosting, rule learning, etc., and the application varies
depending on the specific objective of each problem (Ahmed
et al., 2021). Ensemble learning can be used for both classifi-
cation and regression problems. Ensemble learning is adopted
to further enhance the recognition accuracy and robustness in
this research.

3.2. C-WDCGAN-GP-Based Image Data Augmentation
The framework of C-WDCGAN-GP employs the deep con-

volutional network as the basic architecture for both the gen-
erator and discriminator. The conditions in this study are rep-
resented by the category of vessel type. Suppose the size of
input RGB image is 256 × 256 × 3, and the number of cate-
gory is 4 (i.e., BC, CS, GC and TA) in this study, the structures
of generator network (G) as well as discriminator network (D)
are displayed in Fig. 3, where B stands for the batch size while
using mini-batch stochastic gradient descent (SGD) for train-
ing. For the generator, a batch of latent variables z with the
size of 128 is sampled from a given distribution p (z). Then,
conditions represented by one-hot categorical vectors are con-
catenated to z, deriving variables with size of 132. Following
that, a dense layer and a reshape layer are appended to map it
into 3D space (B × 8 × 8 × 256). Afterward, five transposed
convolutional layers with nonlinear transformations (i.e., rec-
tified linear unit (ReLu) and Tanh) are followed to generate
images of the same size as the real images. Since the real im-
ages are all normalized into [−1, 1], a Tanh activation function
is placed at the top of the generator network to produce output
in the same range.

For the discriminator network, the input comes from the
real image, generated image or a mixture of them. Simi-
larly, the conditional vectors are embedded in each pixel of
the input image, thus giving a feature map with a size of
256 × 256 × 7. Next, four layers of the combination of con-
volution, ReLu and dropout are attached to extract the latent
features from the input images and conditions. The latent fea-
tures are then flattened and fed into a dense layer at the top of
the network.

Algorithm 1: C-WDCGAN-GP algorithm for vessel image augmentation

Parameters: the number of critic iteration ncritic, the number of epoch nepoch,
learning rate α, batch size B, and gradient penalty coefficient λ

Input: data including images and conditions X
Output: generator weights θG

1: Initialize critic weights ω0;
2: Initialize generator weights θG0 ;
3: for epoch = 1, 2, · · · , nepoch do
4: nbatch ← 0
5: for image and condition batches in X do
6: nbatch + +

7: if epoch == 1 and nbatch == 1 then
8: ω← ω0, θG ← θG0 ;
9: end if

10: if nbatch%(ncritic + 1)! = 0 then
11: for i = 1, 2, · · · , B do
12: Sample real vessel images x and conditions c, x, c ∈ X,

latent variables z ∼ p (z), a random variable ϵ ∼ U [0, 1];
13: x̃← G

(
z, c|θG

)
;

14: x̂← ϵx + (1 − ϵ) x̃;
15: L(i) ← D (x̃, c|ω) − D (x, c|ω) + λ (∥▽x̂D (x̂, c|ω)∥2 − 1)2;
16: end for
17: ω← Adam

(
▽ω 1

B
∑B

i=1 L(i), α
)
;

18: else
19: Sample a batch of latent variables

{
zi
}B
i=1
∼ p(z);

20: θG ← Adam
(
▽θG

1
B
∑B

i=1 −D
(
G
(
z, c|θG

)
, c|ω
)
, α
)
;

21: end if
22: end for
23: end for
24: return θG

The training process of the C-WDCGAN-GP is outlined
in Algorithm 1. The procedure begins by initializing the weights
of the critic (ω0) and the generator (θG0 ) in steps 1 and 2. The
training continues for nepoch epochs, spanning from steps 3
to 23. During the training, the weights of the critic (ω) are
updated in steps 10 to 17, while the generator’s weights (θG)
are updated in steps 19 and 20. The learning of the weights
of both the critic and generator is achieved through the use
of the back-propagation (BP) algorithm and the Adam opti-
mizer. To ensure smooth gradients during the training of the
critic, a loss function with gradient penalty is defined in step
15, where a coefficient λ is introduced to control the penalty.
This helps ensure the stability and convergence of the training
process.

3.3. Viewpoint Adaptation Ensemble Contrastive Learning
(VAECL)

Suppose we designate the initial training data’s sample
size as No, and we introduce an oversampling ratio δor to aug-
ment the size of the training data. Thus, the enlarged training
data is represented by

x ∈ RN×S×S×3, (2)

and
N = No × (δor + 1), (3)

where S × S × 3 stands for the dimension of the input im-
age. The VAECL model was devised by applying transfer
learning to UVA-view vessel image data, enabling adaptation
to the bird’s eye viewpoints of vessels. This transfer learn-
ing process involved fine-tuning two pre-trained Inception V3

7



Image

Inception V3

Dense, h1

ReLu

Dense, k

Softmax

BC CS GC TA

freezing
layers,

fine-tuning
layers

Image Augmentation,      

Fine-tuning

Separate the whole layers of

the Inception V3 into

freezing layers and fine-

tuning layers. Fine-tune the

two newly constructed dense

layers together with the fine-

tuning layers. Freeze the

layers up to the       while

performing fine-tuning. The

objective of fine-tuning is to

minimize       . 

Pre-training

Pre-train the newly attached

dense layer h1 on the new

data with the objective to

minimize      . This is to get
contrastive feature
representations

Figure 4: The architecture and training procedure of the Inception V3 model.

networks, which we will elaborate on later in this description.
Assume the pre-trained Inception V3 model excluding the top
layer denotes fInceptionV3, we have

yInceptionV3 = fInceptionV3

(
x|WInceptionV3

)
, (4)

where yInceptionV3 means the output of the pre-trained Incep-
tion V3 model, and WInceptionV3 is the weights. Following
that, one average pooling layer and two dense layers with ac-
tivation layers, i.e., ReLu and Softmax, are attached, as for-
mulated by

ypooling = fpooling

(
yInceptionV3

)
, (5)

and
yh1
= fdense

(
ypooling, h1|Wh1

)
, (6)

and
yh2
= fReLu

(
yh1

)
, (7)

and
yh3
= fdense

(
yh2
, k|Wh3

)
, (8)

and
y = fS o f tmax

(
yh3

)
, (9)

where h1 represents the unit number of the dense layer, k
stands for the number of output class, and k = 4 in this study.
Fig. 4 illustrates the architecture of the Inception V3 model as
well as its training process. First, a pre-training is performed
to get the initial weights (i.e., Wpt, and Wpt = Wh1 ) of the
new attached dense layer using new data. Then, a fine-tuning
procedure is applied to further tune the weights (i.e., W f t) of
the top fine-tuning layers of Inception V3 as well as the afore-
mentioned two dense layers by freezing layers up to the l f zth
layer.

For the first procedure of pre-training, a contrastive loss is
defined as

L1 (v1, v2,Y) = (1 − Y) D (v1, v2)2

+Y
{
max (0,m − D (v1, v2))2

}
,

(10)

and
v1, v2 = yh2

(
x1|Wpt

)
, yh2

(
x2|Wpt

)
, (11)

and
D (v1, v2) = ∥v1 − v2∥2 , (12)

and

Y =
0 lx1 = lx2

1 lx1 , lx2 ,
(13)

where m > 0 is a margin parameter; lx1 and lx2 denote the la-
bels of input images x1 and x2, respectively; v1 and v2 are the
output via Eqs. (6) and (7), and D (v1, v2) is the Euclidean dis-
tance between v1 and v2; Wpt represents the neural network’s
pre-training weights. During training, we divided a training
batch into two halves: part 1 and part 2. x1 and x2 are then
iterated from part 1 and part 2 to construct the positive or neg-
ative pair based on their labels lx1 and lx2 , respectively.

Let ŷ denote the groundtruth class label, and y signify the
corresponding outputted class probability distribution from
Inception V3; thus, the fine-tuning loss can be derived ac-
cording to

L2

(
ŷ, y|W f t

)
= −

N∑
j=1

ŷ jlog
(
y j

)
, (14)

where W f t stands for the network’s fine-tuning weights.
The objectives of network pre-training and fine-tuning are

to learn the trainable weights over the training data by mini-
mizing the corresponding loss function, as formulated by

W∗
pt = arg min

Wpt

L1

(
x1, x2,Y |Wpt

)
, (15)

and
W∗

f t = arg min
W f t

L2

(
ŷ, y|W f t

)
, (16)

where pre-training is conducted before fine-tuning, and the
pre-training weights W∗

pt is performed as the initial weights
for fine-tuning. The optimal weights W∗

pt and W∗
f t are deter-

mined through BP using the RMSProp optimizer, similar to
the way a basic deep learning network is trained.

The framework of the VAECL module is presented in the
lower subfigure of Fig. 2. In VAECL, two Inception V3 net-
works are trained separately. One is trained on the original
image data, and the other is based on the images after resiz-
ing. Following that, the crisp outputs of the two Inception V3
models are fused by an ensemble logic. A simple averaging
operator of the output probabilities is chosen as the ensemble
logic in this work. Details of the VAECL algorithm for ves-
sel type recognition are explained in Algorithm 2. Steps 1 to
4 train an Inception V3 model (CNN1), and steps 5 to 9 train
another Inception V3 model (CNN2) after the original images
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X have been resized (step 5). For both CNN models training,
the objective of pre-training is to optimize the L1 loss func-
tion, while fine-tuning is to minimize theL2 loss, as indicated
by steps 3, 4, 8 and 9. Following that, steps 10 and 11 pre-
dict the probability distribution for CNN1 and CNN2 models
given a test instance x. An average logic is then applied to get
the final ensemble probability distribution yensemble (step 12).

Algorithm 2: VAECL algorithm for vessel type recognition

Input: training data X and test instance x
Output: probability distribution yensemble of x
1: Start training Inception V3 (CNN1) with original images X;
2: modelCNN1 ← load Inception V3 model;
3: modelCNN1 ← pre-train Inception V3 to minimize L1;
4: modelCNN1 ← fine-tune Inception V3 to minimize L2;
5: X̂← resize all images in X;
6: Start training Inception V3 (CNN2) with resized images X̂;
7: modelCNN2 ← load Inception V3 model;
8: modelCNN2 ← pre-train Inception V3 to minimize L1;
9: modelCNN2 ← fine-tune Inception V3 to minimize L2;

10: yCNN1 ← modelCNN1(x);
11: yCNN2 ← modelCNN2(x);
12: yensemble ← ensemble of yCNN1 and yCNN2;
13: return yensemble

4. Experiments and Analyses

In this section, we have performed comprehensive exper-
iments and analyses to answer the following research ques-
tions:

RQ1: Is the C-WDCGAN-GP method effective for vessel
image generation? How does its performance compare to that
of the conditional deep convolutional GAN (C-DCGAN)? How
significantly does the C-WDCGAN-GP-based image augmen-
tation improve performance? And how well does it in contrast
to other image augmentation techniques?

RQ2: How accurately is the VAECL? And what is the ef-
fect of viewpoint adaptation learning, ensemble learning and
contrastive learning in VAECL?

RQ3: How well does the Inception V3 model perform
in contrast to other popular pre-trained models in vessel type
recognition?

RQ4: How sensitive is the developed VAECL framework
to the setting of parameters?

Table 1: Description of the DVTR Dataset

Type UAV-View
Subset Sample

Front-View
Subset Sample

Training
Sample

Test
Sample

BC 221 200 50 171
CS 224 200 50 174
GC 223 200 50 173
TA 213 200 50 163

Total 881 800 200 681

4.1. Dataset

Considering the limitation that there are very few UAV-
view vessel image databases currently available for public ac-
cess, we established a new publicly accessible dataset called
DVTR. The whole dataset can be downloaded directly via

the Google Drive1. The dataset contains a UAV-view as well
as a front-view vessel image subset. Table 1 indicates the
sample sizes of the above subsets in DVTR. The front-view
dataset in this study is only for the baseline evaluation. Four
common types of vessel images, i.e., bulk carrier (BC), con-
tainer ship (CS), general cargo ship (GC) and tanker (TA)
(Lampe & Hamann, 2018), were collected from online re-
sources and then annotated manually. The size of all images is
256×256×3. The training set is formed by randomly selecting
only 50 images from each type of the UAV-view subset, while
the remaining images are used for testing. Thus, the training
data is quite limited, including only 200 image samples in to-
tal, and the test set has 681 samples. For network training, the
augmented training data is further divided into a training set
and a validation set with a ratio of 9 : 1. The training set is
used to train the deep learning model, and the validation set is
for returning the best model.

4.2. Evaluation Metrics

To evaluate the performance of the proposed model, we
employ metrics such as accuracy, precision, recall, F1-score,
Matthews correlation coefficient (MCC), and area under the
receiver operating characteristic (ROC) curve (AUC). The ROC
curve is generated based on the true positive rate (TPR) and
false positive rate (FPR) definitions, which are formulated as

T PR =
T P

T P + FN
, (17)

and
FPR =

FP
FP + T N

. (18)

The remaining five assessment indices, i.e., accuracy, preci-
sion, recall, F1-score and MCC, are formulated as follows:

accuracy =
T P + T N

T P + T N + FP + FN
, (19)

and
precision =

T P
T P + FP

, (20)

and
recall =

T P
T P + FN

, (21)

and
F1-score = 2 ×

precision × recall
precision + recall

, (22)

and

MCC =
T P × T N − FP × FN

√
(T P + FP) (T P + FN) (T N + FP) (T N + FN)

,

(23)
where TP, FP, FN, and TN denote true positive, false positive,
false negative, and true negative, respectively.

1https://drive.google.com/uc?id=132b9OeYS_

lWbTjYuKXvmqIhPobCAREnq
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(a) Epoch 1 (b) Epoch 1000 (c) Epoch 5000 (d) Epoch 10000 (e) Epoch 15000

(f) Epoch 20000 (g) Epoch 25000 (h) Epoch 30000 (i) Epoch 35000 (j) Epoch 40000

Figure 5: Visualization of the generated vessel images by C-WDCGAN-GP at different training epochs.

Table 2: Parameter Settings for the C-WDCGAN-GP

Parameter ncritic nepoch α B λ

Value 5 4 × 104 5 × 10−4 32 20

Notes: other parameters regarding the architecture of C-WDCGAN-GP
can be found in Fig. 3.

Table 3: Parameter Settings for the VAECL

Parameter Value Description
S 256 pixel size of the input image for CNN1
M 512 pixel size of the input image for CNN2
h1 128 unit for the first attached dense layer
l f z 249 Inception V3 freezing layers for fine-tuning
δor 20 oversampling ratio
BS 64 batch size

PT-EP 20 training epoch for pre-training
FT-EP 100 training epoch for fine-tuning

LR 0.0001 learning rate
m 2 margin

4.3. Implementation Details

For the C-WDCGAN-GP method, Table 2 lists the setting
for each parameter. The rest parameters about the architec-
ture of the generator and discriminator can be referred to Fig.
3. Similarly, Table 3 gives details of the parameter setting of
VAECL as well as its description. All models were devel-
oped using Python and TensorFlow, and all experiments were
conducted under the environment with Intel(R) Xeon(R) Gold
6240 CPU @ 2.60GHz and NVIDIA GeForce RTX 2080 Ti
GPU 11GB card. The code is also available in the GitHub
repositories2.

2https://github.com/Xiaocai-Zhang/VAECL

4.4. Results of Image Data Augmentation (Answering RQ1)

Fig. 5 demonstrates 16 randomly generated vessel im-
ages by C-WDCGAN-GP at different training epochs. At the
first epoch, the GAN is still unable to synthesize any vessel
image. As the training procedure goes on, it can generate
images that are taken as real ones. However, in contrast to
C-WDCGAN-GP, C-DCGAN fails to synthesize any vessel
image, as it encountered mode collapse issue while training.
Furthermore, Table 4 presents the effect of C-WDCGAN-GP-
based image augmentation in vessel type recognition. For
each CNN model in the VAECL module, the model using
the original images and generated images by C-WDCGAN-
GP is compared to that without any image augmentation. C-
WDCGAN-GP-based image augmentation enhances the clas-
sification performance of CNN in terms of all five metrics.
In particular, the accuracy improves by at least 14.68% (i.e.,
90.60% vs 75.92%). Moreover, C-WDCGAN-GP is com-
pared with a traditional data augmentation technique, which
augments images by a mixture of flipping, rotation and Gaus-
sian blurring. Overall, C-WDCGAN-GP outperforms the tra-
ditional data augmentation technique in all metrics except for
the AUC for CNN2, yielding 2.35% and 2.20% improvements
in accuracy for CNN1 and CNN2 models.

4.5. Results of VAECL (Answering RQ2)

The comparison between the pre-trained CNN model with
and without viewpoint adaptation is described in Table 5. For
both CNN models, CNN with viewpoint adaptation outper-
forms that without viewpoint adaptation greatly in terms of
all evaluation indices. The employment of viewpoint adap-
tation can increase the accuracy by as high as 18.50% (i.e.,
90.60% vs 72.10%). Our constructed VAECL is an ensemble
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Table 4: Effect of the C-WDCGAN-GP-Based Image Augmentation in Vessel Type Recognition

Model Accuracy Precision Recall F1-score MCC AUC
CNN1 without image augmentation 0.5844 0.6750 0.5787 0.5653 0.4817 0.8863

CNN1 + flipping + rotation + blurring 0.8781 0.8786 0.8775 0.8775 0.8378 0.9767
CNN1 + C-WDCGAN-GP 0.9016 0.9031 0.9015 0.9022 0.8689 0.9790

CNN2 without image augmentation 0.7592 0.8289 0.7590 0.7643 0.7026 0.9276
CNN2 + flipping + rotation + blurring 0.8840 0.9048 0.8852 0.8849 0.8522 0.9874

CNN2 + C-WDCGAN-GP 0.9060 0.9076 0.9061 0.9063 0.8751 0.9845

Table 5: Effect of the Viewpoint Adaptation Learning in Vessel Type Recognition

Model Accuracy Precision Recall F1-score MCC AUC
CNN1 without viewpoint adaptation* 0.7195 0.7319 0.7154 0.7087 0.6316 0.9180

CNN1 + viewpoint adaptation 0.9016 0.9031 0.9015 0.9022 0.8689 0.9790
CNN2 without viewpoint adaptation* 0.7210 0.7480 0.7176 0.7123 0.6419 0.9161

CNN2 + viewpoint adaptation 0.9060 0.9076 0.9061 0.9063 0.8751 0.9845
∗ For a fair comparison, the CNN model without viewpoint adaptation was also trained using the augmented front-view vessel images
by the C-WDCGAN-GP approach. The training data sizes for both models are the same.

Table 6: Effect of the Ensemble Learning

Model Accuracy Precision Recall F1-score MCC AUC
CNN1 0.9016 0.9031 0.9015 0.9022 0.8589 0.9790
CNN2 0.9060 0.9076 0.9061 0.9063 0.8751 0.9845

VAECL 0.9119 0.9134 0.9118 0.9124 0.8826 0.9896

Table 7: Effect of the Contrastive Learning

Model Accuracy Precision Recall F1-score MCC AUC
CNN1* 0.8708 0.8783 0.8711 0.8715 0.8299 0.9747
CNN2* 0.8781 0.8901 0.8773 0.8794 0.8407 0.9823

Ensemble 0.9046 0.9072 0.9044 0.9047 0.8734 0.9860
CNN1 + CL 0.9016 0.9031 0.9015 0.9022 0.8589 0.9790
CNN2 + CL 0.9060 0.9076 0.9061 0.9063 0.8751 0.9845

VAECL 0.9119 0.9134 0.9118 0.9124 0.8826 0.9896
∗ CNN1 and CNN2 denote the Inception V3 models that have not utilized the contrastive learning paradigm, and
both the procedure of pre-training and fine-tuning adopted the cross entropy loss function (L2) for learning.
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Figure 6: Confusion matrix derived by the VAECL model.

deep learning algorithm based on two pre-trained CNN mod-
els. Table 6 reveals the recognition performance of VAECL
as well as individual CNN models. The recognition accu-
racy, precision, recall, F1-score, MCC and AUC reach as high
as 91.19%, 91.34%, 91.18%, 91.24%, 88.26% and 98.96%,
respectively. The improvement of ensemble mechanism has
also been confirmed in Table 7, where the ensemble mecha-
nism increases the accuracy of CNN1 and CNN2 by as high as
1.03% (91.19% vs 90.16%). Table 7 indicates the effect of the
proposed contrastive learning paradigm on Inception V3. The
accuracy improves by 3.08% (90.16% vs 87.08%) for CNN1
and 2.79% (90.60% vs 87.81%) for CNN2 with contrastive
learning. As a result, the performance for ensembling two
CNNs with contrastive learning enhances by 0.73% (91.19%
vs 90.46%). In Fig. 6, we plot the confusion matrix of the
recognition results derived by the VAECL model.

4.6. Comparison with Other Models (Answering RQ3)

For the VAECL framework, the pre-trained Inception V3
model is compared with other eight widely adopted pre-trained
models, including VGG19 (Simonyan & Zisserman, 2015),
ResNet101 (He et al., 2016), DenseNet121 (Huang et al., 2017),
Xception (Chollet, 2017), MobileNetV2 (Sandler et al., 2018),
NASNet (Zoph et al., 2018), ConvNeXt (Liu et al., 2022b),
and YOLO v5 (Jocher et al., 2022). The results are shown in
Fig. 7 (a), which displays the accuracy, precision, recall, F1-
score, MCC, and AUC for each model. The best-performing
models are Xception and Inception V3, both achieving an ac-
curacy of over 91%. For the rest pre-trained models, ResNet101,
DenseNet121 and YOLO v5 also get very competitive per-
formance with high accuracy values of 89.87%, 89.57% and
88.69%, respectively. VGG19, MobileNetV2 and ConvNeXt
rank at the third place, with classification accuracy values of
87.96%, 87.81% and 87.22%, respectively. NASNet performs
the worst, with an accuracy of 86.49%. Fig. 7 (b) provides the

training time for each model. The most computationally ef-
ficient model is MobileNetV2, with a training time of 2.85
h. Inception V3 takes 3.77 h for training, making it the sec-
ond fastest model. On the other hand, VGG19, ResNet101
and ConvNeXt require large amount of time for training, i.e.,
20.14 h, 17.65 h and 43.60 h, making them less computation-
ally efficient. While Xception performs similarly to Inception
V3 in terms of accuracy, it takes 9.32 h for training, making
it less computationally efficient than Inception V3. YOLO v5
requires approximately 9.89 h to complete its training process,
which is slightly more than the training time of Xception.

The proposed VAECL approach has been compared to
three existing methods for recognizing and classifying vessel
types using optical images of vessels, namely FRCIR (Voinov
et al., 2018), CFCCNN Chen et al. (2020b), and hyperparam-
eter optimized CNN (HPOCNN) (Salem et al., 2023). The
comparison results can be found in Table 8. In all the eval-
uation metrics, VAECL demonstrates superior performance
compared to the other baseline methods. Among the three
baseline approaches, FRCIR achieves the highest performance
with an accuracy of 89.43% and an AUC of 98.12%. How-
ever, VAECL surpasses FRCIR by at least 1.76% in accuracy
and 0.84% in AUC.

4.7. Sensitivity Analyses (Answering RQ4)

The parameters of VAECL, such as l f z, δor, BS, h1, and
so on, are estimated empirically. To test the robustness of
VAECL, we also provide the performance with different pa-
rameters, including freezing layer (l f z), oversampling ratio
(δor), batch size (BS), pre-training epoch (PT-EP), hidden unit
(h1) and margin (m). As shown in Fig. 8 (a), the performance
of VAECL increases with the freezing layer from 169 to 229,
and obviously deteriorates when it exceeds 229. The best per-
formance is achieved when the freezing layer is 229 with an
accuracy of 92.66% and an AUC of 99.02%. The VAECL is
not quite sensitive to the oversampling ratio, as the magnitude
for all evaluation metrics does not fluctuate greatly. The best
performance is achieved when δor is set as 30 with an accuracy
of 92.36%. For the parameter of batch size, when the BS ex-
ceeds 128, the performance of VAECL tends to drop slightly,
as depicted in Fig. 8 (c). Overall, as shown in Fig. 8 (d), the
performance enhances with more pre-training epochs applied.
However, when it is over an optimal pre-training epoch (i.e.,
40), the performance deteriorates. The best performance is
achieved, with an accuracy of 92.95%, MCC of 90.62% and
AUC of 99.02%, when the PT-EP is set as 40. In a similar way,
the performance increases as the hidden unit increases. How-
ever, when it exceeds 512, the performance starts to decrease.
Fig. 8 (f) presents the performance comparison with different
margin (m) settings in the contrastive loss. The performance
tends to improve slightly when m increases from 2 to 8. The
performance reaches a peak when m = 8, and it starts to de-
cline when m > 8. The accuracy with the best margin can
reach 92.51%. In summary, the performance of VAECL is
the most sensitive to the setting of freezing layer, as it fluctu-
ates the most significantly (i.e., accuracy fluctuates between
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Figure 7: Comparison between VAECL using pre-trained Inception V3 model and VAECL using other pre-trained CNN models. (a) comparison in terms
of accuracy, precision, recall, F1-score, MCC and AUC; (b) comparison in terms of model training time. AUC is not available for YOLO v5. All models
compared here are trained using the CPU.

Table 8: Comparison between VAECL and the existing baselines in vessel type recognition

Model Accuracy Precision Recall F1-score MCC AUC
FRCIR (Voinov et al., 2018) 0.8943 0.8945 0.8947 0.8939 0.8595 0.9812

CFCCNN (Chen et al., 2020b) 0.8370 0.8498 0.8498 0.8384 0.7864 0.9616
HPOCNN (Salem et al., 2023) 0.8532 0.8683 0.8538 0.8523 0.8095 0.9799

VAECL (ours) 0.9119 0.9134 0.9118 0.9124 0.8826 0.9896

92.66% (i.e., l f z = 229) and 74.16% (i.e., l f z = 309)). For
the remaining parameters, the performance is not particularly
sensitive, with the largest accuracy swing occurring between
92.95% (i.e., PT-EP= 40) and 89.13% (i.e., PT-EP= 50).

5. Conclusions and Future Work

This work proposes a novel viewpoint adaptation ensem-
ble contrastive learning (VAECL) framework for vessel type
recognition with limited training data. The fundamental idea
behind VAECL is to utilize an improved deep generative model
(i.e., C-WDCGAN-GP) to learn the distribution of vessel im-
age data, and more importantly, to synthesize more images
for addressing the shortcoming of limited training data. The
transfer learning approach using a pre-trained Inception V3
network is then adopted for vessel viewpoint transfer and adap-
tation learning. A contrastive loss function is contributed to
improve the discriminative capability of classifier by obtain-
ing more contrastive feature representation. Finally, an en-
semble learning algorithm based on different image resolu-
tions is constructed to further improve the performance of
vessel type recognition. The proposed VAECL model is eval-
uated using real-world vessel images collected and annotated
by ourselves. The VAECL can achieve high accuracy of 91.19%
even with empirically estimated parameters, and it can poten-
tially reach 92.96%, exhibiting potential for utilization in var-
ious maritime industrial applications. Based on comparisons
from different perspectives, C-WDCGAN-GP-based image aug-
mentation improves the accuracy by at least 14.68%, and it

performs better than the traditional data augmentation tech-
nique. Viewpoint transfer increases the accuracy by as high
as 18.50%. Meanwhile, the constructed contrastive learning
is effective with an accuracy increment of at least 2.79%. En-
semble learning enhances the accuracy by as high as 1.03%.
Moreover, Inception V3 is more advanced than other popu-
lar pre-trained CNN models, including VGG19, ResNet101,
DenseNet121, Xception, MobileNetV2, NASNet, ConvNeXt
and YOLO v5, in terms of recognition accuracy as well as
computational cost. The proposed VAECL demonstrates bet-
ter performance compared to other established baseline ap-
proaches in ship type recognition.

In future work, we plan to enhance the DVTR dataset by
gathering a wider variety of vessel images to enhance fine-
grained recognition capabilities. Furthermore, we intend to
assess our recognition model using a broader range of ves-
sel types. Additionally, we will investigate and compare more
advanced generative deep learning techniques, such as the dif-
fusion model, for the purpose of data augmentation.
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Figure 8: Classification performance of VAECL with different freezing layers (l f z), oversampling ratios (δor), batch sizes (BS), pre-training epochs (PT-EP),
hidden units (h1), and margins (m). For the setting of margin (m), the entire network cannot be converged when m < 2.
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