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Abstract—In this paper, we investigate a solution to the
problem of underwater pipeline segmentation, based on an
unbalanced dataset generated by a deterministic algorithm
which employs computer vision techniques. We use manually
selected masks to train two types of neural networks, U-Net
and Deeplabv3+, to solve the same semantic segmentation task.
We show that neural networks are able to learn from imperfect
datasets, artificially generated by other algorithms. Deep convolu-
tional architectures outperform the algorithm based on computer
vision techniques. In order to find the best model, a comparison
was made between the two architectures, thereby concluding that
Deeplabv3+ achieves better results and features robust operation
under adverse environmental conditions.

Index Terms—Deep Learning, Convolutional Neural Networks,
Semantic Segmentation.

I. INTRODUCTION

Cameras are widely used in underwater pipeline inspec-
tion systems under good visibility conditions and pipeline
proximity [1]–[4]. Some systems combine acoustic and visual
information [5] or side scanning sonar, sub-bottom profiler
and a magnetometer [6], to improve on robustness and result
reliability.

Vision-based systems typically use algorithms such as
Hough Transform [7] for pipeline detection, and Kalman [1]
or particle filtering [3] for pipeline tracking. Most of these
systems were developed for controlled environments, which
renders them not applicable to real subsea scenarios.

The increasing use of deep learning in contemporary prob-
lems leads to most of the video inspection systems employing
end-to-end deep neural networks to perform tasks such as auto-
matic inspection, object detection, and image segmentation [8],
[9]. Many deep architecture approaches to image segmentation
have been proposed in recent literature, including spatial
pyramid pooling [10]–[12], encoder-decoder [13]–[17], and
encoder-decoder with atrous convolutions [18], [19]. The latter
achieved the highest accuracy in many semantic segmentation
online competitions [19].

Manual video annotation is a time-consuming, tedious and
error-prone task. Some methods have been developed to alle-
viate such problems. In [20], generative neural networks for
semi-supervised learning produced images and masks. Similar
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training procedures using synthetic data have been used over
recent years [21], [22]. Other methodologies have adopted
several alternative algorithms to generate masks [23], [24].

This paper investigates deep neural network techniques
applied to the segmentation of underwater pipelines, which
are trained using artificially annotated imperfect datasets. In
the first stage of the proposed system, the images are processed
and the corresponding annotation masks are obtained by using
a conventional computer vision algorithm. In the second stage,
the best annotations are manually selected and applied to
train three convolutional neural network models. In order to
investigate the impact of the use of imperfect datasets on the
final segmentation results, experiments are conducted using
different color domains, training strategies, topologies and
backbone networks.

II. VISION-BASED INSPECTION SYSTEM

Videos acquired during real pipeline inspection missions
were used in this work. Each video frame has 720×1280
color pixels. The overall raw data set, which was separated
into 37 videos corresponding to an unbalanced variety of
environments, has 28 GB. To reduce the computational cost
in this task, a region of interest (ROI) was selected. This ROI
removes textual information about the inspection presented on
the top of each frame, then image resizing over the ROI was
applied, thus resulting in images of 112×312 pixels that are
used as neural network inputs. Figs. 1(a) and 2(a) show some
inspection images after ROI selection and resizing.

A. Overview

The key aspect of our approach, which is much less costly in
comparison to manual annotations (because the manual atten-
tion is now focused into choosing the best images from a set
of conventional algorithm output images), is a procedure for
training neural networks using artificially annotated imperfect
data. The data set was generated by applying a deterministic
algorithm based on computer vision and image processing
techniques [25], in order to detect and track the pipeline
position on all inspection videos. Since in this algorithm
the pipeline is represented as a parallelogram, active contour
model [26] was used to deform the pipeline edges to obtain
a closer approximation to the real pipeline shape (some times
deformed by the presence of algae, sand, etc.). Best results
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were manually selected to be part of the data set. Fig. 1(b)
shows the output borders from the algorithm reported in [25]
and Fig. 1(c) corresponds to the deformed borders after using
active contours. The area between the two borders is used as
the pipeline mask.

(a) (b) (c)

Fig. 1: Intermediate results of the dataset composition: (a)
input, (b) annotation using [25], (c) approximated borders for
masks.

Then, for each frame and for each color channel (hue, sat-
uration, and value), 32 bin background and 32 bin foreground
histograms were concatenated, thus generating an environment
descriptor with length equal to 192. Next, the DBSCAN
algorithm [27], with ε = 8.0 and minimum number of samples
per group equal to 25, was used to find the approximate
number of different environments present in the data set.
This operation was followed by a visual inspection of the
results, whose manual correction was performed to yield better
environment separation. The final data set is composed of
69666 images and their corresponding masks.

B. Data structure

The data set created by the previously described method
generates a set of environments, which are numbered from 1
to 31. Environment 32 was artificially generated with random
background patches from the original images and split in 2671
and 8792 images for training and testing sets respectively.
The database distribution with the number of samples per
environment (Env) is detailed in Table I. We divided the
number of environments in Table I so that roughly 50% of
the data from Env 1 to Env 31 was assigned to the test set
(indicated in bold in the table).

Unbalanced environment distribution was obtained, since
several complex structures on the pipelines and significant
background variations were found in particular cases. Because
of significant intra-class background variations, the pipeline
images corresponding to different environments must be han-
dled carefully in order to ensure robust segmentation.

C. Neural Networks for Image Segmentation

We applied three different neural network architectures to
address the pipeline segmentation problem. To select these
architectures, we took into account the number of parameters
and the accuracy reported in publicly available datasets.

U-Net: This architecture [14] was initially employed be-
cause it features fast convergence, and with the purpose of
showing that our training procedure can generate enough

TABLE I: Number of images in the dataset per environment
(Env). The Env numbers of the images assigned to the test set
are indicated in bold.

Env Images Env Images Env Images Env Images
1 333 9 120 17 299 25 438

2 4003 10 4230 18 438 26 38

3 393 11 28 19 57 27 461

4 8726 12 43 20 2066 28 48

5 347 13 15 21 255 29 14461

6 2738 14 1298 22 55 30 144

7 2032 15 6352 23 53 31 4931

8 3103 16 273 24 425 32 11463

labelled data to train a neural network even when data are not
perfectly annotated. Some modifications were applied to the
original architecture. Batch normalization was added after each
convolutional layer. In contrast to the original U-Net model,
the pooling kernel used in this topology had a size of (2,3)
in the last downsampling and in the first upsampling (in this
case using bilinear interpolation to perform the upsampling
pooling). Finally, the output depth (number of channels) was
equal to 1.

SegNet: This architecture [17] performed deep fully convo-
lutional neural network for semantic pixel-wise segmentation.
It is composed of an encoder network and a corresponding
decoder, followed by a final pixelwise classification layer. Each
convolutional layer in the encoder is connected to its respective
layer in the decoder section by a shortcut connection, which
is extremely important in order to avoid gradient vanishing
during training.

Deeplabv3+: This architecture [19] achieved state-of-the-
art image segmentation performance. It is more complex than
the U-Net architecture. As a backbone neural network, we
used a pre-trained ResNet-101 [28] because it can be easily
used from current frameworks [16]. Some modifications were
applied to the backbone such as to adapt the input image to
the network. Firstly, the initial 3×3 max pooling operation was
removed, in order to avoid a large downsampling factor, as the
original paper argued that such approach might be harmful for
segmentation tasks. Secondly, the skip connection to attach the
encoder to the decoder is taken from the Conv2 x of ResNet-
101, and the same connection applies to all variations. Thirdly,
the pooling layer connected after Conv3 x had its kernel size
changed to (2,3). Finally, the last pooling operation and the
fully-connected layers were removed, and the output layer
depth was modified to the number of classes, i.e., it was set
to 1. The pooling (2,3) was chosen to have a divisible image
size on each hidden feature map to feed the following network
layers.

III. EXPERIMENTS

In this section, we discuss the training strategy and im-
plementation details adopted for each architecture, and the
effects of using imperfect annotations. In addition, we analyze
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(a) (b) (c) (d) (e) (f) (g)

Fig. 2: Illustration of the results: (a) Input, (b) annotation, (c) U-Net (GRAY), (d) U-Net, (e) Deeplabv3+ with ResNet-101,
(f) Deeplabv3+ with ResNet-101 (GRAY), and (g) Deeplabv3+ with ResNet-50.

and compare various networks and backbone variations of the
Deeplabv3+ architecture.

A. Implementation Details

There are two problems to be solved before beginning to
train a network: (i) define a loss function and (ii) determine
a robust algorithm to obtain the model. To solve the first
problem, the binary cross-entropy (BCE) and the soft-DICE
coefficient were combined and adopted as loss function, while
the mIOU (mean intersection over union) was tested as evalu-
ation metric. We opted for the mIOU metric, which penalizes
false positives more than false negatives, because the former
are more critical for this application. The second problem to
be solved was related to the avoidance of overfitting. For this
purpose, regularizers were used in both networks, such as L2
norm, data augmentation and batch normalization.

The U-Net was trained using Adam optimizer, with a
learning rate set to 1 × 10−3, batch size equal to 16, and
hyper-parameters β initialized with values 0.5 and 0.99, and
decreased by a factor of 10 at epochs 15, 25 and 45 (out of a
total of 50 epochs). On the other hand, the original Deeplabv3+
training setup was employed, with some minor changes. The
initial learning rate was adjusted to 1× 10−5 and the learning
rate policy described in [29] was set to work only in the epochs
20, 40, 60, 80, 90 and 95 (from a total of 100 epochs). The
Lagrangian factor that multiplied the L2 norm was 1× 10−4

and the batch size was 16.
Data augmentation was applied to each image sample and

to its respective mask, with the resulting database being
composed of random rotations in the range from -15◦ to 15◦,
random translations up to 20% of the image size, random shear

drawn having a uniform distribution in a range from -50◦ to
50◦, and random horizontal and vertical flips generated by 0.5
and 0.2 occurrence probabilities, respectively.

B. Results

The U-Net, Segnet, and Deeplabv3+ having different Resnet
backbone architectures were employed in this work, with
the proposed methodology being evaluated in the test set
described above. Quantitative results are shown in Table II.
We applied two metrics: mIOU and frames per second (FPS).
The FPS values were computed with all images previously
stored in the GPU memory, i.e., without taking into account the
communication time between the GPU and the main processor.
A GPU GTX1080 was used for measurements of the FPS.
Speed processing for [30] is not considered on Table II since
the process is slower due to was entirely implemented on CPU.

TABLE II: Quantitative evaluation (mIOU and FPS) of object
segmentation on the test set. Best values in bold.

Method mIOU (%) FPS
Computer vision [30] 96.30 -

U-Net (GRAY) 97.75 158.11

Segnet 96.58 175.69
Deeplabv3+(ResNet-18) 95.91 103.54

Deeplabv3+(ResNet-34) 97.05 72.57

Deeplabv3+(ResNet-50) 97.11 55.16

Deeplabv3+(ResNet-101) 99.12 31.46

We observed that the deep networks outperformed the
computer vision algorithm for our data set (manually annotated
for accuracy comparison). The Deeplabv3+ architecture using
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ResNet-101 as network backbone produced the best mIOU
from all models. However, the computational time required
for achieving the output of this network was larger than
the computational times of its smaller versions. In order to
obtain the coefficients of the largest network we employed
the ImageNet pre-trained weights and applied a fine-tuning
on PASCAL VOC2012 before training it with our data set.

Although possibly the experimental procedure has a certain
bias in the test set, since it is produced by the computer vision
method [30], we compare a fine post-processed version of test
images, as explained in section II-A, to minimize the bias. For
this reason, the computer vision method reaches lower values
than 100% in the metric. Some qualitative results comparing
the performances of the six deep networks employed in this
work, when applied to the test set, are shown in Fig. 2.

C. Add-on Study

In this section, we investigate the impact of the color
domain, the loss function, and a variety of background im-
ages, on the the results. The motivation for conducting these
experiments was the fact that underwater images are usually
affected by the diversity of environments (explained above).
The color domains used for this analysis were RGB, GRAY,
nRGB, HSV and LAB.

In some scenarios, the training samples comprise the un-
centered pipelines located far away from the camera or tight
in the image. This can raise a bias issue, which is a typical
problem of machine learning between the training and testing
set. In order to avoid such bias in the network, we adopted
a data augmentation strategy which adds a new environment
composed only by background images (without foreground
information). We called it Background Addition (BA). To
evaluate this strategy, the U-Net was applied, whose results are
detailed in Table III. In addition, we observed that the networks
trained using GRAY images presented better results than the
ones trained using RGB images, which might be due to the
fact that color variations were removed and the topology was
not totally robust to learn enough color and texture patterns.

An additional study on RGB images employing different
loss functions showed that the use of DICE leads to suitable
good results in mIOU, although during training some problems
arose in cases when there were no visible pipeline. By contrast,
training both networks using BCE improved mIOU in these
cases, thereby decreasing the false-positive rate. This leads us
to think that the sum of both loss functions may improve the
mIOU for this application. The respective quantitative analysis
is displayed in Table IV.

Finally, Table V shows that model performance improves
on the testing set when the number of samples (composed by
artificially generated masks) used for training increases. This
experiment suggests that the imperfect annotations contributed
to the improvement of the model.

D. Future Research Directions

In some complex cases where the pipeline is mostly oc-
cluded, the neural networks are not able to segment in cor-

TABLE III: Comparison of mIOU results for different color
domains. Best value in bold.

Color Domain BA mIOU
GRAY X 97.75
RGB X 97.12

LAB X 97.57

HSV X 96.62

GRAY 94.32

RGB 92.43

LAB 90.21

HSV 89.01

nRGB 81.98

TABLE IV: Comparison of mIOU results for different loss
functions. Best value in bold.

Method Loss BA mIOU
U-Net BCE X 95.89

U-Net DICE X 96.14

U-Net DICE+BCE X 97.12

Deeplabv3+(ResNet-101) DICE X 98.23

Deeplabv3+(ResNet-101) DICE+BCE X 99.12

TABLE V: Comparison of mIOU results for different training
set sizes.

Train Set(%) mIOU
1 82.42

5 85.32

10 87.91

20 93.50

50 95.13

100 99.12

rectly. For this reason, temporal information should be consid-
ered with the purpose of improving accuracy. Some methods
such as LSTM addition [31] or prior information based on
networks [32] show interesting results for the segmentation of
video objects.

IV. CONCLUSIONS

In this paper, we addressed the problem of underwater
pipeline segmentation, which is the first stage of an automatic
vision-based inspection system. A training methodology for
convolutional neural networks was introduced, which replaces
manual annotations by cheaper and artificially generated
datasets. This procedure showed that large architectures were
satisfactorily trained from imperfect artificial masks, thereby
surpassing the computer vision algorithm that generated this
database. Comparisons with other networks, including topol-
ogy variations, show that our proposed training strategy is
robust and fast. Further studies on the impact of using different
loss functions and color domains were carried out.
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