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Abstract—Machine and deep learning (DL) offer signi�cant op-
portunities for exploring and monitoring oceans and for tackling
important problems ranging from litter and oil spill detection
to marine biodiversity estimation. Reasonably priced hardware
platforms, in the form of autonomous (AUV) and remote operated
(ROV) underwater vehicles, are also becoming available, fuelling
the growth of data and offering new types of application areas.
DL not only supports emerging applications that harness this
data but offers support for operating such platforms. This
article presents a research vision for DL in the oceans, collating
applications and use cases, identifying opportunities, constraints,
and open research challenges. We conduct experiments on
underwater marine litter detection to demonstrate the bene�ts
DL can bring to underwater environments. Our results show
that integrating DL in underwater explorations can automate
and scale-up monitoring, and highlight practical challenges in
enabling underwater operations. We also provide a research
roadmap for the path forward.

Index Terms—Pervasive Computing, Underwater Sensing, In-
ternet of Underwater Things, Marine Litter, Sea, Aquatic
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I. I NTRODUCTION

The oceans have long contested the role of being the last
frontier for science, and this role holds also for computing
research. Indeed, while other dif�cult to reach environments
have recently gained signi�cant research momentum, the same
cannot be said for oceans. For example, increasing availability
of satellite data and the emergence of diverse space applica-
tions have resulted in computing for space gaining momentum
whereas estimates suggest that over90% of the oceans and
seabed still remains unexplored [1]. The dif�culty of operating
computing underwater also means that, even when computing
support is available, data from the deep seas remains a scarce
commodity [2].

Despite the dif�culty in operating computing underwater,
novel application areas for the oceans are steadily emerging,
paving opportunities for underwater computing platforms to

Fig. 1: Deep learning applications for oceans include, under-
water pipeline, ship pollution and wildlife monitoring using
underwater computing infrastructure.

support these investigations. Marine scientists and oceanogra-
phers are increasingly using machine learning (ML) techniques
(mostly in the aftermath of their surveys) to analyse under-
water video footage, e.g., for estimating biodiversity and the
condition of the marine ecosystem [3], whereas oil companies
use remote operated underwater vehicles to inspect and mon-
itor pipeline integrity [4]. As these examples also illustrate,
computer vision tends to play a central role in many of the
emerging underwater applications [5]. This is mainly due to
cameras being one of the few sensors that operate unhindered
underwater and that are unobtrusive to marine ecosystems.
The importance of vision-based data not only offers signi�cant
opportunities for harnessing deep learning (DL) but also for
applied ML to support deep sea applications. However, it also
presents constraints on the platforms that operate it and chal-
lenges in ensuring the technique can operate accurately [6].
Currently, the machine learning algorithms typically operate
of�ine, by analysing footage gathered by divers or remote
operated vessels [3]. With advances in underwater hardware
and DL for constrained devices it should be possible to enable
DL to operate directly as part of the underwater operations. For
example, autonomous underwater vehicles can integrate DL
techniques directly on them, enabling real-time analytics and
applications. Such a development would signi�cantly increase
the scale of deep sea applications, and offer a pathway to
scienti�c and commercial breakthroughs.





have predominantly relied on powerful and expensive hard-
ware components with high processing power and on-board
memory. These existing solutions also require complex infras-
tructure support to sustain the operations over a longer period
of time. Enabling low-cost platforms to integrate the required
technologies and to offer more affordable platforms requires
addressing several research challenges. Indeed, accessing and
using computing resources underwater is highly challenging
and the level of challenge further increases with depth (due to
higher pressure and water density). This section re�ects on the
current state of submersible hardware for marine computing
and deep sea exploration whereas the challenges are covered
in Section V.

Deep-sea Monitoring.Deep sea explorations traditionally rely
on static cable connected deep-sea stations or ocean observa-
tories such as NEPTUNE or the European Multidisciplinary
Sea�oor Observatory EMSO. These stations are �xed and
connected to a central ground control stations with cables that
provide high bandwidth real-time communication and power
supply between the central and the deep-sea stations. These
solutions have limited scale, and are costly to deploy and to
operate. The alternative is to rely on a mobile platform. For
example, the GEOMAR Modular Lander Systems (GML) [13]
is an autonomous instrument carrier system deployed on the
sea�oor that can work for periods of up to6 to 12 months
without human input. However, these types of platforms are
highly costly and offer limited computing capability.

AUVs and ROVs.While there are increasingly affordable off-
the-shelf AUVs and ROVs for underwater explorations, their
processing tends to be limited to supporting basic and simple
routines so that battery life can be preserved. Examples of
such platforms include the PowerVision series of underwater
vehicles, and the ROVs of BlueRobotics. More advanced plat-
forms that integrate computing support or even necessary tools
for running DL are also available (e.g., HippoCampus [14],
LoCO [15] or the platform proposed by Cadena et al. [16])
but the costs of these platforms are prohibitively high. Indeed,
these platforms are best suited for individual explorations
rather than as a large-scale solution – envisioned in this article.

Hybrid Technologies. Another possibility is to combine un-
derwater operations with surface-based cloud access. The main
bene�t of these systems is the availability of powerful process-
ing power through the cloud but this requires connectivity to a
surface-based hub or gateway and limits the maximum depth at
which these systems can operate. Underwater communications
tend to suffer from many failures and poor bandwidth [17], and
marine areas tend to have limited network coverage, which
means the bene�ts of cloud access come at the cost of unreli-
able communication and high latency. Indeed, these solutions
work best close to shore areas and in calm areas as this ensures
both the underwater and above-surface communication can
operate smoothly.

IV. CASE STUDY: UNDERWATER L ITTER DETECTION

Integrating DL directly into underwater platforms has po-
tential for signi�cantly scaling up underwater investigations by
offering access to recently gathered data and insights about the

TABLE I: Deep Litter CNN Model Performance.

Class Accuracy Precision Recall F1-Score Support
Overall 0.80 0.82 0.80 0.80 137
Metal 0.95 0.95 0.95 0.95 24
Plastic 0.87 0.87 0.87 0.87 45
Wood 0.97 0.97 0.97 0.97 13
Other 0.80 0.83 0.80 0.81 55
Median 0.87 0.87 0.87 0.87 45

state of the underwater environment and by reducing human
burden by automating (parts of) the monitoring. This section
demonstrates these bene�ts through a case study on under-
water litter monitoring. As part of the experiments we also
highlight algorithm and system-level challenges in operating
DL robustly in underwater environments.

A. Litter Classi�cation

Setup. We apply DL-based object detection on the Trash-
ICRA19 annotated trash dataset [8]. We expand the original
labels to include four different litter categories:plastic, wood,
metal, and other. MobileNetv2 with Single-Shot Detection
(SSD) with default hyperparameters was used as the object
recognition architecture due to its lightweight structure and
good object recognition performance. Training was performed
on GPU using TensorFlow 1.15, obtaining the quantized
model, using a batch size of 12 and 50k iterations. No further
data augmentations were considered in these experiments.

Results.Classi�cation results were obtained by comparing the
bounding boxes of the annotations with those obtained with
the DL (MobileNet). We calculate the intersection of unions
(IoU) for the two bounding boxes and consider the detection
successful whenever IoU is at least50%. The results are
shown in Table I for the different litter categories. The median
of the classi�cation accuracy is87% for all litter categories
with wood (97%) and metal (95%) being the materials with
the highest accuracy. In images containing multiple litter
objects, the performance drops to56% and the overall recall
is 60%. Overall, these results show promise in using DL for
detecting, and to an extent also classifying, underwater litter.
This result is encouraging as it suggests that marine litter
detection (and classi�cation) could potentially be automated
instead of relying on human observers or waiting for the data
collection to �nish. However, as we next show, there are also
many challenges to extend these systems to operate robustly
in the underwater environment.

Challenges.Figure 2 shows selected results and highlights
both successes and failures in the detection. Close-ups of
individual marine litter categories are generally easy to identify
as can be witnessed from the high con�dence rates (see the
close-ups of plastics, paper (other) and metal in Fig. 2a,
2b and 2c). At longer distances, light and water conditions
decrease overall accuracy (Fig. 2d and 2e). The most dif�cult
issues, however, are complex backgrounds (Fig. 2f) and the
aggregation of sediment on marine debris (Fig. 2g). Another
challenge emerges when multiple objects or object categories
need to be supported (Fig. 2h) as this can cause the model
to be unable to distinguish the individual objects. This may



(a) Closeup plastic (b) Closeup other (c) Closeup metal (d) Distant plastic (e) Distant other (f) Distant metal

(g) Sediment plastics(h) Multiple objects (i) Turbidity








