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Abstract

Underwater imagery processing is in great demand,
while the research is far from enough. The unrestricted
natural environment makes it a challenging task. On the
other hand, prior to the advent of cabled observatories, the
majority of deep-sea video data was acquired by remote-
ly operated vehicles (ROVs), and was analyzed and anno-
tated manually. In contrast, seafloor cabled observatories
such as the NEPTUNE and VENUS observatories offer a
24/7 presence, resulting in unprecedented volumes of visual
data. The analysis of underwater imagery imposes a se-
ries of unique challenges, which need to be tackled by the
computer vision community in collaboration with biologists
and ocean scientists. In this paper, we introduce how deep
learning, the state-of-the-art machine learning technique,
can benefit underwater imagery understanding at the age of
big data.

1. Large scale visual content recognition and
deep learning

For underwater imagery analysis, one of the most im-
portant problem is visual content recognition, which is a
quite challenging task. Visual content varies because of
intra-class variability, which may result from variable illu-
mination, scales, views and non-rigid deformations. Con-
ventional solutions for classification use manually designed
low-level features. For example, SIFT and HOG features
are used for object recognition, LBP and Gabor features are
used for texture and face classification. The carefully hand-
crafted low-level features do achieve good performance for
some specific data and tasks. However, effective features
require domain knowledge and most of them cannot simply
apply to new conditions. Besides, the generalization ca-
pability of many conventional machine learning tools like
SVM, PCA and LDA, tend to saturate quickly as the the
volume of the training set grows significantly.
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Hinton et al. [10] proposes a method to learn features
through deep neural networks (DNNs), which significantly
influences the machine learning field in recent years. Deep
learning aims to learn multiple levels of representation of
the data, from low-level to high-level, to make sense of data
such as images, sound and text. High-level representation
gives more information of the semantics of the data.

Deep and large networks have shown impressive results
when used with large amounts of training data and scalable
computation resources (thousands of CPU cores and/or G-
PU computing [[14]). Many conventional computer vision
tasks have benefitted from this technical progress. Most no-
tably, Krizhevsky et al. [14] proves the effectiveness of deep
convolutional neural networks trained on ImageNet [3]] and
achieves an excellent classification accuracy. Besides, deep
learning brings many other computer vision tasks to a brand
new stage, such as object detection [8} 9} (7, 20} 21, [15]], im-
age segmentation[18} 2} [1} 23], image enhancement [3]], im-
age caption [12} [19} 22]], 3D reconstruction [6, [17], video
classification [13| 4] and so on. Deep learning based meth-
ods, especially deep convolutional neural networks based
methods are beating traditional methods with state-of-the-
art results in almost all the computer vision research topics.

In the past, people were sharing source files of their al-
gorithms. While with deep learning toolkits like Caffe [[11],
people are sharing pre-trained models and network architec-
tures. Datasets are becoming more and more dominating,
sometimes even more important than algorithms. Models
trained for classification tasks with large datasets like Ima-
geNet are widely used for other classification tasks with a
technique called finetune. Even non-classification tasks are
benefiting from these models. For example, the models and
corresponding network architectures are widely used as fea-
ture extractors. The extracted features of different network
stages are comparable with and often better than low-level
and high-level features extracted by traditional descriptors.

In the following section, we will take object detec-
tion and recognition for underwater videos as examples to
demonstrate how deep learning can bring large scale under-
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water imagery understanding to a brand new stage.

2. Fish Recognition
2.1. Dataset

We evaluate the effectiveness of the deep learning on
the Fish Recognition Ground-Truth dataset made by the
Fish4Kn0wledgeE] project. This underwater live fish dataset
is acquired from a live video dataset captured from the open
sea. There are totally 27370 verified fish images of 23
clusters and each cluster is presented by a representative
species. The fish species are manually labeled by follow-
ing instructions from marine biologists.

2.2. CNN Architecture

Recently, in many object recognition systems, feature
extraction stages are generally composed of a filter bank
layer, a non-linear transformation, and a feature pooling
layer. One feature extractor may contain several such
stages. For example, the recently widely noted convolution-
al neural networks (CNN) is a such system. A typical CNN
consists of several layers, and can be regarded as a stage. A
convolutional filter bank layer aims to extract local pattern-
s. A nonlinear processing layer aims to form a non-linear
complex model. A feature pooling layer aims to decrease
feature maps’ resolution. Deep CNN may contain several
stages.

The overall architecture of our CNN is depicted in Fig.[I}
The net contains six layers with weights, of which the first
three are convolutional and the remaining three are fully
connected. The output of the last fully-connected layer is
fed to a 23-way Softmax which produces a distribution over
the 23 class labels.

This net maps an input image z;, via a series of layers,
to a probability vector y; over the 23 different classes. Each
layer consists of the following operations: (i) convolution
of the previous layer output (or, in the case of the Ist lay-
er, the input image) with a set of learned filters (optimized
weights); (ii) passing the responses through a rectified lin-
ear function relu(x) = max(z,0); (iii) max pooling over
local neighborhoods and (iv) a local contrast operation that
normalizes the responses across feature maps.

As demonstrated in Fig. [T} the first convolutional lay-
er filters the 47 x 47 x 3 input image with 70 kernels of
size 5 x 5 x 3 with a stride of 1 pixel. The outputs are
max pooled with kernel size 3 x 3, fed to ReLU layer and
normalized. The second and the third convolutional layers
repeat the above process, besides that the filters kernel size
are both adjusted to 3 x 3. In detail, the second convo-
lutional layer filters the (pooled, rectified, and normalized)
outputs of the first convolutional layer with 110 kernels of
size 3 x 3 x 70, and the third layer has 180 kernels of size
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Method Accuracy(%)
LDA+SVM 80.14
Raw-pixel SVM 82.92
Raw-pixel Softmax 87.56
Raw-pixel Nearest Neighbor 89.79
VLFeat Dense-SIFT 93.58
Deep-CNN 98.57

Table 1. Comparison of fish recognition accuracy (%) of various
methods on the test set.

3 X 3 x 110 connected to the outputs of the second lay-
er. The fully-connected layers have 200, 22, 23 neurons in
turn. In total, the network has about 1 million parameters.
We denote this method with Deep-CNN.

2.3. Experiments

Stochastic Gradient Descent (SGD) is used to learn such
a network. In the experiment, we get a test accuracy of
98.57%, which achieves the state of the art. The compar-
isons are listed in Table.[I]

2.3.1 Feature and filter visualization

Now we have a close look at the features and weights by
visualizing them.

The activations of the three convolutional layers during
the forward pass are shown in Fig. 2] The corresponding
convolutional filters (weights) are illustrated in Fig.

The first layer activations looks relatively blobby and
dense. In the following layers the activations become more
sparse and localized. This is quite interpretable because we
can infer the class-specific features. While in conventional
hand-crafted methods, these features are often discovered
and decided by experts with domain knowledge, for exam-
ple, biologists.

As for the convolutional filters, the first layer is looking
directly at the raw pixel data, so the filters looks relatively
nice and smooth. The following two layers’ weights are not
as interpretable, but still well-formed.

3. Fish Detection

Recent high quality object detection approaches use sim-
ilar scheme: a fast and accurate object proposal methods
followed by classifier using deep convolutional neural net-
works. As mentioned before, RCNN [8], fast-RCNN [7]
and faster-RCNN [20]] are among the most notable work-
s. We use fast-RCNN for fast and accurate fish detection
and get an average precision (mAP) 9.4% higher than De-
formable Parts Model (DPM), which was a most successful
and widely used object detection at the time before deep
learning. Fig.[]is our fish detection pipeline, more details
can be found in our concurrent paper [16].
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Figure 1. The architecture of our CNN, showing the definition of different layers. The network’s input is 6627-dimensional, and the number

of neurons of each layer is given by 37030-13310-4500-200-22-23.

(a) Layer 1

(b) Layer 2

(c) Layer 3

Figure 2. A typical visualization of the CNN architecture convolutional layer activations (rectified by ReL.U) given an input image of fish.
Each box shows an activation map corresponding to some filter. From left to right: (a) 64 outputs of size 23 X 23 by the first convolutional
layer (64 out of 70 are shown). (b) 64 outputs of size 11 x 11 by the second convolutional layer (64 out of 110 are shown). (c) 100 outputs
of size 5 x 5 by the second convolutional layer (100 out of 180 are shown). Notice that the last two layers’ activations are mostly sparse

(shown in black) and localized.

4. Plankton Classification

Plankton are critically important to our ecosystem, as
they account for more than half the primary productivity
on earth and nearly half the total carbon fixed in the glob-
al carbon cycle. They form the foundation of aquatic food
webs including those of large, important fisheries.

Traditional methods for measuring and monitoring
plankton populations are time consuming and dependent on
humans, so they cannot scale to the granularity or scope
necessary for large-scale studies. One possible solution is
using an underwater imagery sensor to capture microscopic,
high-resolution images over large study areas. The images
can be post analyzed to assess species populations and dis-
tributions. While, to achieve automatic analysis, it is still a
highly challenging computer vision task.

Recently, a Kaggle competitionﬂwas organized to clas-
sify plankton. The goal of the competition was to clas-
sify about 30000 grayscale images of plankton into one

Zhttps://www.kaggle.com/c/datasciencebowl

of 121 classes. In the final ranking list, all the leading
teams used deep learning methods. Take the champion
team | for example, they used Convnets as the model, and
judicious combination of techniques to prevent overfitting
such as dropout, weight decay, data augmentation, pre-
training, pseudo-labeling and parameter sharing, which en-
abled them to train very large models with up to 27 million
parameters on this dataset. The classification accuracy is
81.52% on the test set, which is much higher than results
achieved by conventional methods.

5. Conclusion

In this paper, we introduce how deep learning can bene-
fit underwater imagery analysis at the age of big data. Ex-
amples of fish recognition, detection and plankton classifi-
cation show that deep learning can achieve state-of-the-art
results on these tasks. Besides, deep learning can be useful

3http://benanne.github.io/2015/03/17/plankton.
html
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(a) Filters 1 (b) Filters 2

Figure 3. Visualization of the CNN architecture convolutional layer weights. Each box shows a filter. From left to right: (a) 64 convolutional
kernels of size 5 x 5x 3 learned by the first convolutional layer on the 47 x 47 x 3 input images (64 out of 70 are shown). (b) 24 convolutional
kernels of size 3 x 3 x 70 learned by the second convolutional layer on the outputs of the previous layer (24 out of 110 are shown). (c) 16
convolutional kernels of size 3 X 3 x 110 learned by the second convolutional layer on the outputs of the previous layer (16 out of 180 are

shown). Notice that the kernels in (b)(c) are reshaped for visualization.
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Figure 4. Overall architecture of our fish detector with fast-RCNN.

in many other underwater imagery analysis tasks, such as
image and video enhancement. Other than improving the
deep learning methods accuracy, improving the efficiency
is another promising research topic. In conclusion, deep
learning may not be the ultimate solution to computer vi-
sion, however, it can be a practical solution at the age of big
visual data in ocean observation.
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