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Edge computing on mobile marine platform is paramount for automated ecological monitoring. The goal of
demonstrating the computational feasibility of an Artificial Intelligence (AI)-powered camera for fully automated
real-time species-classification on deep-sea crawler platforms was searched by running You-Only-Look-Once
(YOLO) model on an edge computing device (NVIDIA Jetson Nano), to evaluate the achievable animal detec-
tion performances, execution time and power consumption, using all the available cores. We processed a total of
337 rotating video scans (~180°), taken during approximately 4 months in 2022 at the methane hydrates site of
Barkley Canyon (Vancouver Island; BC; Canada), focusing on three abundant species (i.e., Sablefish Anoplopoma
fimbria, Hagfish Eptatretus stoutii, and Rockfish Sebastes spp.). The model was trained on 1926 manually anno-
tated video frames and showed high detection test performances in terms of accuracy (0.98), precision (0.98),
and recall (0.99). The trained model was then applied on 337 videos.

In 288 videos we detected a total of 133 Sablefish, 31 Hagfish, and 321 Rockfish nearly in real-time (about
0.31 s/image) with very low power consumption (0.34 J/image). Our results have broad implications on
intelligent ecological monitoring. Indeed, YOLO model can meet operational-autonomy criteria for fast image
processing with limited computational and energy loads.

1. Introduction of Artificial Intelligence (AI) applied to image processing is increasingly

solving challenges such as underwater target detection (Malde et al.,

Environmental monitoring of marine habitats is increasingly relying
on image acquisition to describe and quantify life components of eco-
systems at all depths at continental margins down to abyssal realms
(Aguzzi et al., 2020c; Bicknell et al., 2016; Mallet and Pelletier, 2014;
Marini et al., 2018; Shortis and Abdo, 2016). The current development

2020). Applications in autonomous monitoring of marine ecosystems
and their resources (e.g., stocks) include faunal classification and
tracking by fixed and mobile robotic platforms (Aguzzi et al., 2020b;
Beyan and Browman, 2020; Goodwin et al., 2022; Lopez-Marcano et al.,
2021; Lopez-Vazquez et al., 2020). By processing time-stamped and geo-
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referenced images for detection, identification, and tracking of species
on board each platform, automated routines can produce time series of
animal counts in real time, hence allowing for more efficient data
storage and transfer, while reducing facility spaces and bandwidth de-
mands (Aguzzi et al., 2012; Aguzzi et al., 2020b; Aguzzi et al., 2022).
Therefore, coupling of Al into the control electronics of monitoring
platforms and possibly connecting sensor to the cloud facilities can
transform video cameras into true intelligent sensors for biodiversity
estimation (Aguzzi et al., 2020b; Ferrari et al., 2024).

Such increase in automation can unlock the potential to upscale
ecological monitoring in space and time, to combine different data
sources for a more complete representation of marine communities, and
the possibility of extracting novel insights not apparent by without
treating massive amounts of data (Besson et al., 2022). In practice, this
can have a positive effect on varying conservation efforts and industrial
applications, from monitoring the impact of fisheries, deep-sea mining
and marine litter, to marine resources stock assessment, among others
(Durden et al., 2021; Naseer et al., 2022). From a technical point of view,
the bias or observer’s effect accompanying each case-study is also ex-
pected to be reduced as image annotating effort by humans is applied to
training Al algorithms better instead of processing massive volumes of
data (Cuvelier et al., 2012). In general, with the number of published
studies using marine imagery growing exponentially in the last 4 de-
cades, this step is necessary to avoid a bottleneck in uncovering new
knowledge (Durden et al., 2016).

Benthic crawlers are emerging mobile robotic platforms, bearing
video cameras, combined with oceanographic and geochemical sensors
(Purser et al., 2013). Typically tethered to permanent seafloor in-
frastructures such as cabled observatories, offshore industrial rigs, sur-
face buoys with antennas, vessel-deployed docking-garages, and
mariculture assets (Aguzzi et al., 2019; Danovaro et al., 2017; Falah-
zadeh et al., 2023; Rountree et al., 2020; Scherwath et al., 2019), they
are operated in real-time via internet connection (Internet Operated
Vehicles - IOVs) (Thomsen et al., 2012). Autonomous operations both in
terms of navigation and energy provision are also possible, by replacing
the tether with remote connection to a Wireless Fidelity (WiFi)-capable
surface buoy (Aguzzi et al., 2020a). Crawlers (just like cabled observa-
tories in general) can record large volumes of video footage and sensor
data, which are getting increasingly harder and time-consuming to
analyse manually (Chatzievangelou et al., 2022). Presently, this data is
stored on online data repositories (e.g., the OCEANS 3.0 of Ocean Net-
works Canada — ONC and the Environmental Research Division’s Data
Access Program (ERDDAP) of the Expandable Seafloor Observatory —
OBSEA) (Aguzzi et al., 2011; Owens et al., 2022). The footage is then
processed manually to detect, identify, and count animals from different
species (Chatzievangelou et al., 2016; Chatzievangelou et al., 2020;
Chatzievangelou et al., 2022; Doya et al., 2017), although efforts to
establish automated image treatment pipelines, including pre-
processing steps, are gathering pace.

In particular, Lopez-Vazquez et al. 2020 (Lopez-Vazquez et al., 2020)
developed an image enhancement and classification pipeline applied to
rockfish (Sebastes spp.) occurring in the deep-sea (> 200 m) continental
margin areas using the Norwegian Lofoten-Vesterdlen Ocean Observa-
tory (LoVe Ocean). (Bonofiglio et al., 2022) automatically classified and
counted and (McIntosh et al., 2020; McIntosh et al., 2022) automatically
detected specific behaviours of sablefish (Anoplopoma fimbria) using the
fixed camera platforms installed at the Barkley Canyon Node of the
North-East Pacific Time-series Undersea Networked Experiments
(NEPTUNE) observatory in the NE Pacific. At Folger Pinnacle, a shal-
lower coastal NEPTUNE location, Convolutional Neural Networks
(CNNs) based on image colour segmentation were used to detect sponge
contraction behaviour (Harrison et al., 2021). Recent efforts used deep
CNNs on crawler footage to tackle poor image quality through visual
enhancement, prior a three-stage animal detection and count algorithm
(Lopez-Vazquez et al., 2023). Briefly, this object detection algorithm
consisted in subtracting the image background and applying filters to
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locate the objects (first stage), followed by a feature selector algorithm
(second stage) and finally, a Deep Neural Network (DNN) for animal
classification.

On board processing of the acquired data is largely beneficial for
underwater autonomous vehicles, transferring the data to a land station
with different means (e.g., from tethered cables to acoustic modems)
(Aguzzi et al., 2019). Firstly, wireless data transfer from an underwater
monitoring device is quite difficult due to the narrow transmission
bandwidth, as is the case in non-cabled observatories and non-tethered
mobile monitoring platforms. Thus, the option to export an already
processed, reduced amount of data (such as a numeric table or multi-
dimensional array) is beneficial (Stojanovic and Beaujean, 2016). Sec-
ondly, the content-based interpretation of the acquired data allows for a
dynamic adaptation of the mission plan. For example, after the detection
of a relevant species, the crawler could adapt its trajectory to follow it or
stop to collect a sample (Aguzzi et al., 2022). Nevertheless, DNNs have
high computational costs when used in real time (He and Sun, 2015),
with low versatility when embedded in autonomous platforms such as
crawlers. A suitable solution is represented by the adoption of the edge-
computing paradigm, where the data processing is moved closer to the
data source (e.g., on board the crawler). From a hardware point of view,
the key feature is represented by the fact that most edge-computing
devices are based on low power system-on-a-chip architectures (SoC),
enabling the design of smart and effective solutions also for battery-
powered systems (Jahanbakht et al., 2021; Zhang and Tao, 2021).

From the software point of view, the You Only Look Once (YOLO)
algorithm (Han et al., 2021) offers high-speed object detection with low
computational costs (Cai et al., 2022; Zhang et al., 2023). Its fast
computational capacity would allow neglecting tracking issues, while
providing great potential to embed real-time counting (and tracking)
routines into crawlers’ main computers. In terms of deep-sea environ-
ments, this approach has only been used in videos from fixed cabled
observatories targeting a single species (e.g., A. fimbria) (Bonofiglio
et al., 2022). A successful application of YOLO to multiple species
classification and counting in the context of “edge computing”, would
increase the functionalities of crawlers for environmental monitoring. In
fact, the characteristics of crawler missions lead to additional challenges
on top of the ones normally faced in marine imaging Al-based treatment.
For instance, that moving platform results in different image back-
grounds or unbalanced illumination or transitions between the seabed
and the water column, while resuspended sediment can reduce visibility
or prevent the use of parts of the image (Chatzievangelou et al., 2022;
Lopez-Vazquez et al., 2023).

In this study, we run YOLO on a NVIDIA Jetson Nano board to
demonstrate the computational feasibility of an Al-powered camera for
full automated real-time video-processing on deep-sea crawler plat-
forms. We performed a bench processing of crawler videos acquired in
the Pacific deep-sea of Barkley Canyon as proxy for a real-word opera-
tional scenario. In particular, we measured the quality of automated
processing by YOLO (i.e., the number of individuals from three
ecologically key species) as well as the processing energy requirements
to function in real-time.

2. Materials and methods
2.1. The crawler platform

The “Wally” crawler, shown in Fig. 1, is a cuboid-shaped (~1 m®)
internet operated vehicle (IOV) moving on caterpillar wheels, that has
been in use for environmental monitoring for more than a decade
(Chatzievangelou et al., 2022). It connects via a 70 m-long optic fibre
tether to a junction box which is integrated to the nearby ONC obser-
vatory node in Barkley Canyon.

All videos used in this study were acquired via a 1280 x 720 pixels’
colour camera (Wisenet XNP-6040H). The illumination was provided by
two forward looking white 33 W Light Emitting Diode (LED) lamps. The
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Fig. 1. The crawler inspected by the ROV Hercules during the 2021 deployment. Left panel: Front view of the crawler, with the ROV’s forks and tray visible at the
bottom of the image. Right panel: Rear view of the crawler from above. Images were recorded on August 21, 2021.

frame-rate for image acquisition was 60 frames per second (fps). All
video recordings are stored in real-time on the ONC’s data portal Oceans
3.0 (Moran et al., 2022), where they are available for downloading
through the DataSearch interface (https://data.oceannetworks.ca/Dat
aSearch). In addition, videos are also available for online viewing
without downloading through the SeaTube interface (https://data.oc
eannetworks.ca/SeaTube) of the same portal.

2.2. Study site and video transects

The crawler is deployed at a methane hydrates site on a plateau of
the west wall of Barkley Canyon (Vancouver Island; BC; Canada), at
870-890 m depth (Purser et al., 2013). Tethered to a fixed junction box
of the Barkley Canyon node of the ONC observatory, it monitored a total
surface of ~400 m? for this study. The area is characterized by soft
sediment and the presence of small (~1-2 m high) hydrate mounds. A
map of the area covered by the crawler’s missions, including the main
morphological features in the form of bathymetry contours, is presented
in Fig. 2.

The crawler performed a total of 337 rotating video scans (~180°) at
9 specific spots along the same transect line (see Fig. 2), from August 24,
2021, to January 12, 2022. The timing and duration of each video varied
(two typical videos are included in Supplementary Materials), but as a
general rule of thumb sampling was limited by tidal and current regimes
(to avoid suspended sediment clouds blocking the field of view), ONC’s
policy on artificial lights (maximum 2 h of lights on per day to avoid
photic contamination in this deep-sea environment), and the quality of
connectivity and responsiveness of the vehicle that could make opera-
tions cumbersome at times. For each spot, except for station 9 where the
scans were forward-looking, the seabed on both sides (i.e., left and right)
of the transect line was scanned. Table 1 summarises the information of
the original video-scans.

2.3. The targeted species

Our analysis focused on the 3 most abundant vertebrate species
typically observed at the Barkley Canyon site (Fig. 3) (Doya et al., 2014;
Matabos et al., 2014). The sablefish or black cod (A. fimbria) is a large
fish of grey/silver colour, which can be observed either swimming or

resting/hovering above the seafloor. The Pacific hagfish (E. stoutii) is a
long-shaped fish of characteristic purple colour, normally observed as
coiled on the seafloor, or floating vertically with the head touching the
sediment. The rockfish Sebastes spp., of characteristic orange/reddish
and white striped colour and normally observed resting on the seafloor,
being observed individuals of a taxonomically heterogeneous group of
morphologically similar species that cannot be precisely distinguished
without direct sampling (Jahanbakht et al., 2021). Hagfish and rockfish
display mostly benthic lifestyle (i.e., closer association with the seabed,
rarely seen in the water column), while sablefish are benthopelagic
swimmers that migrate daily through the canyon (Doya et al., 2014;
Doya et al., 2017; Grinyo et al., 2023). For a more detailed morpho-
logical description we refer to the guide of Barkley Canyon fauna
(Gervais et al., 2012).

2.4. The overall edge-computing approach for the intelligent crawler
application

The basic principle of the edge-computing approach is to move the
data analysis as close as possible to the source that generated the data.
This means that the crawler needs to be equipped with a Single Board
Computer (SBC) capable to process the acquired images and to classify
their content. The overall processing pipeline adopted for equipping the
crawler with intelligent capabilities is summarized in Fig. 4 The pipeline
consists of the “In Lab Activities” and of the “Edge Activities”. Within the
lab activities, images extracted from historical footage, acquired by the
crawler, was manually annotated to tag the relevant species to be clas-
sified. Then the tagged images are used to train an image classifier
suitable to be executed by the SBC platform. Within the “Edge activ-
ities”, the trained classifier is then deployed on the SBC hosted by the
crawler and used to classify the new acquired videos. For each video,
frames are extracted and processed as images with the aim of classifying
their content. After the classification task, the time series abundance
estimate per video is obtained through a counting procedure that avoids
counting the same organism more than once. All the previous steps are
described in the following sections.
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Fig. 2. The study area of Barkley Canyon (BC) hydrates. Top left: Geographic location of the site (yellow star), off Vancouver Island (BC; Canada; Northeast Pacific).
Large map: Location of the site in Barkley Canyon (yellow star), among other instrumented platforms at different depths. Bottom left: Zoomed map of the hydrates
site with 1 m bathymetry contours. The black numbered dots represent the stations where rotating video scans were performed. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Information of the original 337 video-scans, summarized per station. Numbering
starts from the eastern end of the transect line (see Fig. 2).

Stations
Side 1 2 3 4 5 6 7 8 9 Total
Right 20 18 21 20 21 21 21 19 - 161
Left 19 19 20 19 20 20 20 20 19 176
Total 39 37 41 39 41 41 41 39 19 337

2.5. Edge computing platform

The SBC platform used to demonstrate the edge capabilities for
image analysis is the NVIDIA Jetson Nano board (Nvidia, 2024). This
board is a very suitable solution for edge computing considering all
together its low price, limited power consumption, and considerable
compute capabilities provided by the CUDA architecture. Its main
relevant hardware specifications are:

e 128-core NVIDIA Maxwell GPU @ 922Mhz;

e quad-core ARM A57 CPU @ 1.43GHz;

e 4 GB 64-bit LPDDR4;

e hardware interfaces such as GPIO and 12C 2 and MIPI CSI-2.

The platform allows for different power profile configurations to
assess the performance in terms of execution time, power consumption,
and potentially varying quality of the classification results. The power
profiles mainly differ in term of GPU/CPU usage, peripheral use and
clock limitations (Nvidia, 2024). When the GPU is used together with a
central processing unit (CPU) the board exploits all the cores available
on the device; i.e., the 128 Compute Unified Device Architecture
(CUDA) core based on the NVIDIA Maxwell architecture and the 4 cores
of the ARM! Cortex-A57 processor. Differently in a less power con-
sumption profile it can exploit only the ARM cores.

2.6. The training dataset

1926 images (i.e., frames extracted from the video scans) containing
animals were manually annotated with the Roboflow image analysis
software (Mallet and Pelletier, 2014). To these, we added 675 null im-
ages (i.e., without animals) to reduce the false positive detection rates.
Therefore, the resulting dataset consisted of 2601 images, grouped as
follows: 72% training set (N = 1348 with animals +512 null); 19%
validation set (N = 386 with animals +104 null); and finally, 9% test set
(N = 192 with animals +59 null). The frames were extracted from 35
videos randomly considered among 337. The frame extraction from the
selected video was randomly performed among the frames representing
the same scene (i.e. a rockfish laying on the ground).
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Fig. 3. Sample images of the three targeted species, extracted from the analysed footage: A) Sablefish (multiple individuals at varying distances and illumination
conditions); B) Hagfish (with two rockfish also visible in the field of view); and finally, C) Rockfish.

Fig. 5 presents examples of some of the challenges of animal iden-
tification in real-world operational conditions at 900 m water depth
inside a hydrodynamically active canyon system that could potentially
affect the performance of YOLO. In these images, the animals can be
observed obscure by uneven illumination, hidden behind other objects,
seabed structures or other animals, covered by sediment (buried into the
seabed or behind resuspended sediment cloud) or cut by the margins of
the frame. Other issues may include morphological variability among
individuals of the same species, biofouling on the camera’s glass sphere,
loss of focus, etc. (Yang et al., 2021).

Two augmentation steps (Random Brightness Adjustment —20 to
+20%; and Random Gaussian Blur O to 3.5 pixels) were applied to the
training set to allow for a better generalization and improve the versa-
tility of the model (Lopez-Vazquez et al., 2020), triplicating the original
images and tackling the challenges related to partial visibility. We did
not perform more pre-processing augmentation steps, to maintain a
realistic balance and avoid a tendency towards false positives later in the
workflow. Thus, the augmented dataset consisted of 6321 images, with a
ratio of training: validation: test of 88:8:4. All images were resized to
640 x 640 pixels, and the information of the bounding boxes was stored
in separate text files in a file format compatible with the YOLOv8 model
(see next section). This procedure is like the one adopted by Bonofiglio
etal. (2022) (Bonofiglio et al., 2022), except for data augmentation steps
and the higher number of target species in our study.

g -

2.7. Object detection

As starting point, we used an already customized “off-the-shelf”
YOLO model for the detection of species (Bonofiglio et al., 2022). This
model is based on a convolutional neural network and is very popular for
its accuracy and speed (Tian et al., 2019; Zheng et al., 2021). It differs
from other object detection algorithms like Region-based Convolutional
Neural Network (R-CNN) (Song et al., 2023; Xie et al., 2021) because it
adopts an end-to-end approach. Instead of proposing a region of interest
(ROI) and then classifying it in a second stage, YOLO directly outputs a
5-dimensional vector v = (cls, x, y, w, h) containing the class (cls) of the
object, the coordinates (x, y) of the centre of the bounding box sur-
rounding the object, its width (w) and its hight (h). This output is
associated with a confidence score defined as:

CS = p(object)*IoU

where p(object) is the probability of an object of being present and
the Intersection Over Union (IoU) is the area of intersection between the
ground truth bounding box and the output one.

By definition, 0 < CS < 1.

A detailed description of the algorithm and the different details
differentiating its versions reported in literature, is way beyond the
scope of the present work and is devoted to dedicated reviews (Hussain,
2024) (Hussain, 2023; Terven and Cordova-Esparza, 2023). The updated
YOLOVS version differs from the previous one (Bonofiglio et al., 2022)
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Fig. 5. Sample cropped images containing animals that can be challenging to detect (indicated by white arrows): A) Rockfish in a dark part of the image; B) Hagfish
partially covered in sediment, appearing to have the same colour as the seabed; C) Sablefish only partially visible, towards the upper right margin of the image; D)
Rockfish behind a suspended sediment cloud; E) Sablefish behind an artificial marker; F) Rockfish behind the bigger one in the centre on the frame, poorly visible due

to distance/size and the presence of large particles.
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for many details concerning the architecture and the loss functions.

We adopted the YOLOv8 (Ultralytics; https://ultralytics.com/)
version because it shows the best detection performance and speed on
state-of-the-art (SOTA) datasets, upgrading from version YOLOV5
(adopted in ref. (Bonofiglio et al., 2022)) as extensively described in
Ref. (Terven and Cordova-Esparza, 2023). During the training phase, the
algorithm converged after 150 iterations using a batch size of 16 and a
learning rate of 0.01. All video-processing was run on a current Laptop,
mounting the NVIDIA graphics processing unit (GPU) RTX 3070 Ti with
8 Gb video random access memory (VRAM).

2.8. Evaluation metrics of the detection algorithm

The performance of the YOLO model was evaluated through Accu-
racy (A), Precision (P), and Recall (R), defined respectively as (Fawcett,
2006):

e A = (TD + TU)/(TD + TU + FD + FU),
e P =TD/(TD + FD)
e R = TD/(TD + FU)

Where TD, FD, TU, and FU stand for “True Detection”, “False
Detection”, “True Undetection”, and “False Undetection”, respectively.

These terms are based on the detection confidence (DC) which is a
threshold on the confidence score (defined above) on the predicted
bounding box and class.

An output detection is considered as prediction if CS > DC.

Therefore, TD and FD refer to the detection of objects that are indeed
present in (or absent from) the image, respectively (i.e., true and false
positives). Similarly, TU and FU refer to correctly reporting the absence
of objects and the failure to detect present objects, respectively (i.e., true
and false negatives). As for TD, FD, TU, and FU, also P and R depend on
the detection confidence. A small value of DC will cause many FD and a
relatively low P and high R. Vice versa a DC close to 1 will enhance P
reduce R to a value close to 0. The Precision and Recall trade-off is
evaluated by the Fi-score defined as the harmonic average of P and R:

F, =2 (P'R)/(P+R)

The Average Precision (AP) is calculated as the weighted mean of P
at each value of IoU, to account for the success of the classification on
top of the detection of the bounding box (important in multiclass object
detection, i.e., when targeting multiple species). The weights of the
mean are provided by the increase in recall from the previous threshold.
The mean (m) average precision, indicated as mAP, is the AP averaged
over the number of classes (i.e., animal species) to be detected. The mAP
for IoU threshold, set to 0.5 (IoU > 0.5), and the IoU threshold between
0.5 and 0.95, (0.5 < IoU < 0.95) are indicated as mAP@0.5 and
mAP@0.5:0.95, respectively.

We fixed the threshold on the IoU to a default value of 0.7 and the
detection confidence DC to a value maximizing the F;-score.

2.9. Time series generation and counting algorithm

The labels and bounding box coordinates of the objects detected in
each photogram (i.e., analysed image frame) were recorded into a text
file extracted from each video. Subsequently, a post-processing step was
applied to convert these “raw” time series to estimates of animal
abundances in the analysed videos. First, the raw time series were
smoothed using a 30-frames moving average (corresponding to 0.5 s of
video for an original frame-rate of 60 fps), to remove possible artefacts
of falsely detected or undetected animals. Then, each time series was
processed by a counting algorithm, which considered only positive in-
crements of detected animals for each frame. The script implementing
the counting algorithm is reported in the SUPPLEMENTARY MATERIAL
and according to Huettmann and Arhonditsis (2023) (Huettmann and
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Arhonditsis, 2023), all data were made available in GITHUB.COM (htt
ps://github.com/Luciano-ma/crawler-wally-animal-detection), along
with the converged weights of the YOLOv8 model for full results
reproducibility.”

3. Results
3.1. Fish detection

Out of 337 videos, 49 did not show the presence of any of the three
targeted species. In the remaining 288 videos we detected 133 sablefish,
31 hagfish and 321 rockfish. During the validation phase, executed in
lab, the average detection time per image was 15 ms with the selected
laptop specifications and the post-processing counting algorithm only
took 0.015 s per photogram. An example of detections for the three
different species is reported in Fig. 6 (the original videos are provided in
Supplementary Material 2 to 4).

The performance of YOLOVS in detecting each of the three targeted
species in the validation step is reported alongside mAP@O0.5 and
mAP@05:0.95 in Table 2. For completeness, Fig. 7 reports the normal-
ized confusion matrices for training and validation. As can be seen, the
accuracy is very high both in training (100%) and in validation (98%).

Once trained and validated on two separated datasets, the model was
tested on a third independent dataset to establish the detection confi-
dence defined in section 2.6, which is the threshold value above which a
detection is considered as prediction. This was done by calculating the
Fi-score and finding its maximum as a function of the confidence score
defined in section 2.6. Fig. 8 shows the test classification performances
measured by P, R and F;. As expected, P and R show an opposite
monotonic behaviour as a function of the confidence score. The former
increases up to 1 and the latter decreases reaching zero for CS = 1. The
Fp-score shows a maximum at CS = 0.482. This is the value of the
Detection Confidence adopted in the following.

3.2. Execution time and power consumption in the edge computing
application

The GPU-based version of YOLOVS, executed on board the Jetson
Nano platform allowed us to process 490 images in 153 s (0.31 s/image).
The CPU-only version requires 534 s (1.1 s/image) instead. The average
power consumption of the classifier executed on the GPU + CPU based
power consumption profile is 1.1 W, thus requiring about 168 J. The
CPU-only version instead requires ~3 W, thus ~1.6 KJ (i.e., an order of
magnitude higher). These results have been collected using the API
provided by the jetson-stats package.

Among the Jetson Nano has power profiles, one is the Power-
Efficient (PE) mode, requiring only 5 W at most. In this configuration
the GPU-based YOLO requires about 0.43 s/image and an average power
consumption of 0.96 W, thus 200, Joules, more than in the previous
case. The CPU-based version in PE mode employs 1221 s (>20 min) to
process the 490 images, requiring 0.87 W and 1062 J. We can conclude
that the GPU + CPU profile (the default mode) in our case is able to
exploit the GPU in a more powerful and time efficient way. Moreover,
the quality of the classification results is independent by the platform
and the Jetson power profile used (e.g., workstation, board, with or
without GPU).

3.3. Time series generation

Implementing YOLO for object detection allows counting animals
under real-time conditions (i.e., as the crawler is moving during the
video acquisition). Fig. 9 presents two examples of how the time series of
counts are compiled as a function of the time for each video. Starting
with any individuals detected in the first frame, every time the number
of detected individuals increases between consecutive photograms (as
the crawler moves and slightly modifies the field of view), a new count is
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Fig. 6. Examples of crawler video-processing by YOLOv8v, according to different detection types: A) Meta-objects (i.e., different individuals of the same species) for
4 sablefish individuals (labelled “Sab™), with a numeral tag that indicates model confidence; B) Multiclass objects (i.e., different individuals of different species) for 2

individuals of rockfish and 1 hagfish together.

Table 2

Detection performance of YOLOv8 on the validation set (i.e., 490 images) in
detecting sablefish, hagfish, and rockfish. mAP@0.5 and mAP@0.5:0.95 stand
for mean Average Precision (mAP) for detection confidence (set to 0.5) and
detection confidence (between 0.5 and 0.95), respectively.

Class Labels Precision Recall mAP@0.5 mAP@0.5:0.95
All 575 0.976 0.986 0.992 0.751
Sablefish 134 0.962 0.978 0.991 0.827
Hagfish 84 0.995 1.000 0.995 0.736
Rockfish 357 0.970 0.980 0.990 0.691

added to the time series.
4. Discussion

In this work, we presented an efficient routine for deep-sea animal
detection, counting, and species classification in footage recorded by
mobile Internet Operated Vehicles (I0Vs), such as benthic crawlers. We
also demonstrated how time-series of counts for different species can be
generated by an emerging Al-based data processing routine, such as
YOLOV8. Our results set the minimum edge-computing processing
functionalities (i.e., image processing on board the crawler), conveying
information on the hardware architecture and energy specifications, to
execute the automated identification and classification of animals
belonging to different species.

4.1. Technical advancements

We further advanced the latest works (Bonofiglio et al., 2022; Lopez-
Vazquez et al., 2023) with footage from fixed cabled observatory cam-
eras and with different footage of this same crawler (Lopez-Vazquez
et al., 2023), implementing an object detection algorithm able to locate
and classify three different species even when appearing simultaneously
in a single frame. Instead of improving the classification performance of
DNN through an image enhancement routine (Lopez-Vazquez et al.,
2023), we implemented the strategy of ref. (Bonofiglio et al., 2022),
using an updated version of the same processing algorithm (YOLOVS),
and extending the number of targeted species. This lighter YOLOv8
model was selected based on two relevant crawler operational-
autonomy criteria (Aguzzi et al., 2022): fast image processing in rela-
tion to the crawler’s motion and data collection when targeting multi-
class- and meta-objects, plus limited requirements for power and
computational resources by a future Al-based algorithm operating in
real time on the crawler’s motherboard.

Thanks to convolution and anchor box selection functionalities
(present from YOLOV5 version onward (Nelson and Solawetz, 2020),
YOLO algorithms allow detecting multiple objects, consistently out-
performing DNN in image classification (Aziz et al., 2020; Zaidi et al.,
2022). We also applied image augmentation as suggested by (Lopez-
Vazquez et al., 2020), improving model generalization and to eventually
overcome the “concept drift” phenomenon (Ottaviani et al., 2022).
Whereas image pre-processing can slow down the model development,
image augmentation performed only on the training set does not intro-
duce any detection time delays. In any case, the detrimental effect on
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Fig. 7. Training and validation confusion matrices of YOLOvS8 in detecting
sablefish, hagfish, and rockfish. Values are normalized per column.

recognition performances caused by unprecedent environmental con-
ditions can be addressed through well-established strategies like active
learning (Sayin et al., 2021) and incremental learning (Delange et al.,
2021; Liu et al., 2021).

Given the high accuracy of the YOLO model we used, and the
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workflow adopted, no further steps such as tracking (and related
hyperparameters) were necessary (Bonofiglio et al., 2022). Thanks to
this workflow, video-streams could be directly fed to the YOLO model
for a real-time time series generation in future applications. This will
allow storing light text files that can be post-processed in the lab to
extract population estimates. In any case, the model is just a few
megabytes, paving the way for the implementation on an Al camera on
board of crawlers.

4.2. Ecological monitoring applications

Our results have broad implications on intelligent ecological moni-
toring. The economical architecture and set up, combined with its high-
performance levels, can enhance the edge-computing capabilities of
resident mobile robotic platforms (Aguzzi et al., 2020a) and turn cam-
eras into intelligent biodiversity monitoring sensors able to perform
autonomous analyses. For the same crawler, a particle camera is under
development which can analyse within a few seconds thousands of
particles >100 pm in diameter (including zooplankton) using a specif-
ically designed Robot Operating System (ROS2) software package.

The impact of machine learning applications in marine ecology has
witnessed significant growth in recent years (Rubbens et al., 2023),
particularly for the potential of efficient analysis of large volumes of
imaging data. One of the primary challenges faced in this domain is the
creation and curation of high-quality training datasets for the detection
of benthic and pelagic fauna. Manual analysis of marine imaging is not
only time-consuming but is also prone to errors, requiring trained ex-
perts to construct annotated datasets (Matabos et al., 2017). This chal-
lenge is actively being addressed through specialized annotation tools
such as BIIGLE (Langenkamper et al., 2017) and SQUIDLE+ (Sangekar
et al., 2023), alongside the availability of annotated image datasets and
models like in FathomNet (Katija et al., 2022). Notably, ONC possesses
an extensive archive of marine videos and images obtained from mul-
tiple platforms, including fixed cameras, Remotely Operated Vehicles
(ROVs), and crawlers, spanning nearly 15 years of data. The integration
of annotation tools and a pipeline for model training and evaluation into
Oceans 3.0 (Zhang et al., 2023) is in the current plan of ONC to empower
the research community in analysing video data. The lightweight model
developed here could be applied in the detection of fish on live data that
are streamed by multiple cameras maintained by ONC, thus assisting the
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Fig. 8. Test performance curves: F-score (main figure), Precision (top inset) and Recall (bottom inset) as a function of the confidence score for the three clas-

ses considered.
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Fig. 9. Examples of the compilation of time series of animal counts in videos (see Fig. 5). Red, green and blue, correspond to Sablefish, Hagfish, and Rockfish,
respectively. The lines represent the cumulative sum of counts of detected animals for the three targeted species in consecutive frames, considering only positive
increments in the original time-series of detected animals to represent the entrance of a new individual in the camera’s field of view. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

annotation and analysis of video at real time.

Previous studies already have shown that crawlers are capable of
capturing species behaviour at day-night, tidal, and seasonal scales, and
the associated biodiversity changes in deep-sea environments
(Bonofiglio et al., 2022; Chatzievangelou et al., 2016; Chatzievangelou
et al., 2020; Doya et al., 2017), while their use is now being extended to
coastal areas as well (Falahzadeh et al., 2023; Aguzzi et al., 2015).
Recently, two large datasets were also published that could be used to
extend model training and allow for a better and wider description of the
ecological marine environment (Francescangeli et al., 2023; Marini
et al., 2022).

Assuming the crawler moves at a constant (or at least known) speed,
time series of species counts generated during transect surveys can be
geo-referenced and associated to different spatial sampling units (see
Fig. 2), enabling an analysis of spatial distribution of species
(Chatzievangelou et al., 2020). These functionalities allow crawlers to
be used to consistently extend the radius of ecological monitoring of
fixed cabled observatories, video-monitoring several km? of the seabed
surface and the benthic boundary layer as a strategic transition zone
between the benthic and pelagic environments (Aguzzi et al., 2019;
Aguzzi et al.,, 2020a; Chatzievangelou et al., 2021; Rountree et al.,
2020).

Increase in marine anthropogenic impacts, such as the extraction of
fossil fuels and minerals along with the industrialized seabed fisheries,
are creating the conditions in which the intelligent marine monitoring
with robotic technologies will be indispensable and will by far
outcompete typical cost intensive vessel or ROV operations (Jones et al.,
2019; Simon-Lledo et al., 2019; Sutton et al., 2020). Automated, real-
time image detection and counting of animals of multiple species and
other objects such as particles or pollutants and eventually UXO (un-
exploded ordnance) will enhance the development and application of
early, near-real-time warning systems for the monitoring and manage-
ment of deep-sea environments, based on probabilistic modelling of
animal abundances (Aguzzi et al., 2020c; Chatzievangelou et al., 2020).
This development will be assisted by the consistent increase in the
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availability of affordable GPU resources to the scientific community.

4.3. Limitations and methodological remarks

Although this study advances the current state of the art in the use of
Al to process marine footage on board mobile monitoring platforms,
there are still certain limitations associated with data collection or
processing. In particular, the need to perform the scans rotating the
entire vehicle and not just the camera makes the recording process
cumbersome creating delays, generating sediment clouds that reduce
visibility and the possibility to repeat the scan if the video was not of
adequate quality. This can inhibit the creation of maximum quality
datasets. Furthermore, the limitation of moving only within the pre-
defined tracks to minimize the physical disturbance on the seabed means
that there is no option to record animals and objects from various angles,
as in many ROV studies. An intrinsic limitation is related to the counting
algorithm which is unable to count very fast objects appearing in the
field of view for a time interval smaller or equal to half of the time series
moving average interval (15 frames) corresponding to 0.25 s. Finally,
expanding the focus on more species present in the area is challenging,
either due to underrepresentation in the original dataset or due to the
absence of easily discernible morphological characteristics, and is
something to consider in future developments of such algorithms while
keeping the computational costs low. All these challenges could be
tackled with hardware updates (e.g., a rotating pan/tilt unit for the
camera that increases the field of view, adding a stereo camera or an
acoustic camera to complement the current HD one) and the collection
and annotation of bigger datasets to serve as reference.

5. Conclusions

The YOLOv8 implemented detected and classified three benthic
species, effectively and efficiently. High precision, recall and F;-score
metrics were achieved, with correct predictions even in cases where
multiple individuals of all three species coexisted in a single frame.
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Efficiency is highlighted by the fast processing, considering the re-
quirements such as the crawler’s motion and data collection rates,
power and computational resources for real-time operations. Image
augmentation performed only on the training set improved model
generalization and tackled the “concept drift” phenomenon without
making the detection process slower. High accuracy and the architecture
of the workflow made tracking and related hyperparameters redundant,
allowing for video streams to be directly fed to the model and generate
real-time time series in future applications. In general, this lightweight
model paves the way for the implementation of smart Al cameras on
board of crawlers and other mobile autonomous platforms for real-time
processing of imaging data, boosting marine ecological monitoring and
conservation efforts.
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