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Abstract

Advances in Artificial Intelligence, the Internet of Things, and Computer Vision have introduced challenges in minimizing
resource usage-economically, energetically, and environmentally. This work presents a vision system for unmanned surface
vehicles (USVs) focused on object detection and autonomous navigation. The system leverages hardware and software
acceleration to enhance model performance while also evaluating energy efficiency. In this paper, we analyze the Ultralytics
models across various platforms, including MYRIAD VPU, Intel CPUs/GPUs, and NVIDIA Jetson AGX Orin and Orin
Nano. The results show that the Orin Nano is especially suitable for real-time detection, consuming less than 2 watts. To
increase efficiency, optimization techniques, such as quantization and pruning, are performed. We also compare our models
with related studies and assess YOLOv6 to YOLOI11 in terms of inference time and FPS. YOLOv8-based models consist-
ently deliver the best results, confirming their suitability for USV applications.

Keywords Neural networks - Object detection - YOLO - OpenVINO - Power efficiency - Jetson Orin

1 Introduction

Advances in Artificial Intelligence (AI) have enabled the
development of models for complex tasks with greater accu-
racy, supported by improved computing capabilities from
Continuum Cloud to Edge Computing [1]. IoT technolo-
gies have introduced edge computing, which processes data
close to its source, ensuring real-time functionality, reducing
latency [2], optimizing energy consumption [3], and improv-
ing privacy [4]. This approach facilitates IoT data process-
ing [5], minimizing reliance on centralized systems, which
contributes to creating smarter and more reliable solutions
that can be leveraged in artificial intelligence models.
Although public datasets, such as ImageNet, MS COCO,
and KITTTI [6-8], have driven advances in computer vision,
maritime environments present unique challenges, including
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sunlight reflections and fog, which require optimized models
for greater accuracy and efficiency.

Machine Learning (ML), a foundational component of
Al, is pivotal across various fields. In particular, ML-based
computer vision is critical in marine exploration and sur-
veillance [9]. Uncrewed surface vessel systems especially
require efficient object detection with low latency and mini-
mal energy consumption.

This work is part of a larger project that aims to moni-
tor and detect harmful algae blooms using digital twins to
improve water quality [10]. Data are collected by different
sensors deployed on platforms such as aquatic drones or
USVs [11], which collect water samples to detect harmful
agents such as cyanobacteria and their toxic status. In this
context, the need arises to focus specifically on the design
and acceleration of a vision system for USVs, addressing
the challenge of creating high-performance and low-power
consumption neural network models based on object detec-
tion in aquatic environments and applying some optimiza-
tion techniques.

The main contributions of this work are threefold, with a
strong focus on novelty and practical impact: (1) the design
and deployment of a novel, power-efficient vision system
optimized for real-time object detection on Uncrewed Sur-
face Vessels (USVs) operating in challenging aquatic envi-
ronments; (2) a thorough, hardware-aware benchmarking
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of recent YOLO object detection models across diverse
edge platforms, including the Intel CPUs/NPUs/GPUs,
and NVIDIA Jetson AGX Orin and Orin Nano, offering a
unique insight into the trade-offs between accuracy, speed,
and power consumption; and (3) the first integration of such
a system into a digital twin framework for the monitoring
and early detection of harmful algae blooms, introducing
anovel Al-powered application in fresh water monitoring.

The manuscript is structured as follows: Sect. 2 reviews
the state-of-the-art; Sect. 3 describes the methodology and
experiments; Sect. 4 presents the results and optimizations;
Sect. 5 discusses the findings and the final prototype; and
Sect. 6 provides the conclusions and final remarks.

2 Background
2.1 Deep learning algorithms

Deep learning, a subset of ML, uses algorithms inspired by
the human brain (neurons) to recognize patterns in data [12,
13]. Training these algorithms requires particular labeled
datasets, depending on the context of use. CNNs work fine to
recognize patterns in images. They consist of convolutional,
pooling, and fully connected layers [14]. These layers form
a structured sequence, starting with input layers, followed
by hidden layers with activation functions (e.g., ReLU), and
ending with fully connected layers for classification.

2.2 Deep learning frameworks

Several frameworks facilitate deep learning development
[15]. In this study, we used the following:

YOLO (You Only Look Once): An efficient object detec-

tion framework based on PyTorch developed by Ultra-

Iytics. It also excels in segmentation, classification, and

tracking in a single pass [16].

— TensorFlow: A versatile framework supporting CPU,
GPU, and TPU, leveraging computational graphs for
efficient data processing.

— PyTorch: Optimized for deep learning tasks, focusing
on tensors for data manipulation with high speed and
numerical efficiency [17].

— OpenVINO: A toolkit for optimizing and deploying deep

learning models on Intel devices, including CPUs, GPUs,

and neural accelerators [18].

2.3 Related work
Object detection has been widely studied in various

fields [19], particularly in the context of artificial intel-
ligence and computer vision. Most research generally
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focuses on optimizing models to meet real-time accuracy
requirements using accelerators such as GPUs, with lim-
ited emphasis on energy efficiency, especially in aquatic
environments.

A recent study by Azevedo et al. [20] compares sev-
eral state-of-the-art object detectors, including YOLOVS,
YOLOvV7, YOLOVS, Scaled-YOLOv4, and YOLOR, trained
on the BDD100 K dataset, and examines their use on edge
devices such as the NVIDIA Jetson AGX Xavier. Their
research shows improvements in object detection using these
models, but focuses on land-based vehicles without con-
sidering energy consumption or applications for unmanned
surface vehicles. Similarly, Lema et al. [21] evaluated object
detection algorithms, such as YOLOv3 and YOLOVS, on
NVIDIA Jetson Nano, NVIDIA Jetson AGX Xavier, and
Google Coral Dev Board devices, using MS COCO dataset.
This work focuses on analyzing the relationship between
FPS/energy consumption and FPS/cost, providing a useful
framework for real-time vision systems, but does not delve
into energy performance in the context of USVs.

An interesting study by Fabrizio et al. [22] examined
power consumption on Google Coral and NVIDIA Jetson
Nano devices, finding that power usage could vary by up to
three times depending on the algorithm and hardware con-
figuration. However, this work primarily focuses on gen-
eral high-performance vision systems and does not address
object detection in aquatic environments.

Several studies have explored the use of object detectors
such as YOLO in the context of unmanned surface vehicles
and binocular image fusion [23, 24]. For example, Liu et al.
[25] present advancements in intelligent railway systems,
while Dong et al. [26] introduce an optimized YOLOvV7
variant featuring a multiscale pyramidal network structure
and an improved loss function. However, their study does
not focus on performance and energy consumption in edge
devices. This suggests that, although the use of YOLO in
vision for object detection has led to significant improve-
ments in accuracy and inference times [27], its applications
have focused primarily on road traffic [28-30] or agricultural
detection [31-33]. In addition, there are other studies, such
as those by [34-36], which use binocular ZED cameras for
different tasks. However, there is a notable lack of studies
on machine vision with accelerators that also consider the
trade-off between power consumption and accuracy in the
latest versions of YOLO, as well as acceleration strategies
to reduce power usage in the context of aquatic drones with
ZED cameras.

In addition, a recent study by Trinh et al. [37] provides a
comprehensive review of datasets and deep learning tech-
niques applied to vision in USVs, highlighting existing gaps
in model optimization and energy efficiency in aquatic envi-
ronments. This work emphasizes the specific challenges of
maritime vision tasks and reinforces the need for further
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research on the integration of efficient neural network mod-
els into real-world USV applications.

A key factor in energy efficiency and accuracy is model
optimization, where techniques such as quantization and
pruning are used to reduce the size of the model without
significantly sacrificing accuracy. In this regard, Ding et al.
[38] highlight that these systems have special requirements
in terms of real-time implementation and energy efficiency,
emphasizing the importance of model compression.

One criterion to consider is the impact of the aquatic envi-
ronment, which affects both accuracy and energy efficiency
in USV systems, as environmental variations can require
more computational processing. Zhang et al. [39] studied
environmental factors such as turbulent waves, water reflec-
tions, and fog, achieving good results with their proposal.
However, they noted that the architecture could be further
optimized for better performance.

Various solutions employ different neural network model
architectures to balance accuracy and inference time. How-
ever, studies evaluating model optimization in conjunction
with performance and energy efficiency are scarce. In this
context, our work addresses this gap by applying hardware
and software optimization techniques to enhance both per-
formance and energy efficiency on devices such as the Intel
UP Squared Pro 7000 Edge, the NVIDIA Jetson AGX Orin,
and the Orin Nano, with a specific focus on unmanned sur-
face vehicles.

3 Methodology and experiments

Figure 1 illustrates the workflow followed in this study.
The methodology is divided into four distinct phases,
each involving various technologies and tools. The pre-
processing phase consists of standardizing each dataset to
the YOLOVS format, on the Roboflow,! where the compila-
tion, splitting, and application of some filters to the images
were carried out. The training phase focuses on the neural
network training process in each of the datasets. This train-
ing was run on a high-performance system equipped with
high-end GPUs. Additionally, the ClearML? platform was
used to monitor the training process of each neural network
model, which allows us to graphically visualize the behavior
of the model according to performance metrics. The festing
phase involves evaluating various edge computing systems.
Specifically, two leading market manufacturers, Intel and
NVIDIA, have been selected for their systems equipped with
low-power GPUs to run neural networks. Finally, the deploy
phase focuses on the integration of a binocular camera with

! Roboflow web-page: https://roboflow.com.
2 ClearML web-page: https://clear.ml.

1. Preprocessing

Fig. 1 Workflow

the drone to combine Al models for object detection with
computing capabilities for object distance.

3.1 Dataset description and preprocessing

Three datasets were chosen for this study, the main char-
acteristics of which are presented in Table 1. These data-
sets have been used in other research [40, 41]; therefore,
it is important to note that although they contain similar
types of images with equivalent objects, viewing angles
vary, from zenith to frontal views. In addition, the images
in these datasets consider various conditions encountered
in the marine environment, such as light reflections, waves,
and other factors.
The three datasets are described below:

— SeaDronesSee v2: This dataset contains zenith view
images, which have five different classes of objects (see
Table 1). For our case, Roboflow: Preprocess SeaDr
onesSee dataset, where when loading the images, it was
divided into three groups (train, valid, and test—Fig. 2)
and data augmentation techniques (auto-orient, resize,
and grayscale) were applied. Therefore, the use of Robo-
flow was essential to carry out this task to work with the
dataset in YOLOv8 format.
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Table 1 Datasets used

Dataset Vision angle  Images  Annotation  Categories

SeaDronesSee v2 [40] Aerial 9984 61,974 Boat, Buoy, Jetski,
Life saving appliances, Swimmer

Datasense @CRAS [41] Onboard 9021 21,135 Bulk carrier, Container ship,
Cruise ship, Ferry boat, Ore carrier,
Sail boat, Uncategorized

USVDD Onboard 8520 19,852 Buoy, Boat, Gondola,

Jet-ski, Surfboard, Watercraft

Fig.2 Split of each dataset in
the roboflow platform

SeaDroneSee v2

kdild

Dataset Split
TRAIN SET

6685 Images

Datasense@CRAS

. 1

NS

Dataset Split
TRAIN SET

8838 Images

Dataset Split
TRAIN SET

5962 Images

— Datasense @CRAS: This dataset, as indicated by its
authors, is a compilation of images from the Singapore
Maritime Dataset and the Kaggle Boat Types Recog-
nition. To work with this dataset, processing was per-
formed in Roboflow: Preprocess Datasense@CRAS
dataset, applying the same technique as the previous one
but also modifying the classes, to put the names of the
classes and not a number, as originally.

— USVDD: This dataset is one of our contributions and
consists of classes of objects similar to the previous
ones, so it may be unified in future work. These images
and annotations were downloaded from Openlmages
V6. To work with the dataset in the YOLOvV8 format,
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VALID SET TEST SET

‘ 974 Images 2325 Images

VALID SET

TEST SET

1623 Images 905 Images

VALID SET TEST SET

1708 Images 850 Images

the processing of the compiled images and annotations
was done in Roboflow: Preprocess the Openlmages V6
collection with respect to aquatic images, applying the
same filters as the SeaDronesSee v2 dataset and also
splitting the images into three groups (see Fig. 2).

3.2 Experimental setup

The equipment used for experimentation, specifically for
the training process, has the specifications given in part a
of Table 2. Likewise, the experimental parameters for the
model training phase are set, as shown in part b of Table 2.


https://universe.roboflow.com/cnnonboard/boat-detection-mode
https://universe.roboflow.com/cnnonboard/boat-detection-mode
https://storage.googleapis.com/openimages/web/index.html
https://storage.googleapis.com/openimages/web/index.html
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https://universe.roboflow.com/modelboat/boat-detection-oelpk
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Table 2 Experimental setup and training parameters for model evaluation

a) Experimental setup

Component Specification

Processors 2x Intel Gold 6138

Memory 96 GB DDR4

GPUs 2x Tesla V100 (32 GB each)
1x RTX 3090 (24 GB)

Operating System
Programming Language Python 3.11

Deep Learning Framework PyTorch>1.8

Linux—6.1.0-18-amd64

b) Experimental parameters setting

Dataset Argument Parameters
SeaDroneSee v2, Learning rate 0.01
Datasense @CRAS,
USVDD
Momentum 0.937
Weight decay 0.0005
Batch size 16
Image size 640x640
Epochs 150

3.3 Training model selection

The CNN used in this project is the YOLO Ultralytics fam-
ily, specifically the nano, small, and medium versions of
YOLOv6, YOLOVS, YOLOVY9, YOLO10, and YOLO11.
These versions of neural networks are chosen mainly
because they have high performance in object detection
tasks, standing out in recent years for their accuracy, speed,
and ease of use, which makes them suitable for our project
focused on image-based object detection.

3.4 Edge computing devices

The evaluation of the model previously trained has been
performed on two NVIDIA-based edge computing boards
equipped with an Ampere GPU denoted NVIDIA Jetson
Orin (AGX and Nano versions) and on an Intel edge device
(UP Squared Pro 7000 Edge + Myriad). The main features
and configurations are detailed in Table 3. The AGX board,
designed for industrial environments with high computa-
tional demands, offers four times the performance of its

Table 3 Technical specifications of the Jetson Orin Nano, Jetson AGX Orin, and UP Squared Pro 7000 Edge

Jetson Orin Jetson AGX UP Squared Pro
Nano Orin 7000 Edge
CPU Name ARM Cortex-A78 AE ARM Cortex-A78 AE Intel Atom X7425E
Frequency up to 1.5 GHz up to 2.2 GHz up to 3.40 GHz
Cores 6 12 4
GPU Name Ampere GPU Ampere GPU UHD Graphic Gen 12 th
VPU Hailo-8™M.2 2280
Frequency 625 MHz 1.3 GHz 1 GHz
Cores 1,024 CUDA cores 2,048 CUDA cores 24 execution units

Perf. (fp32)
Memory
Power consumption

Price

1,280 GFLOPS
8 GB

7TW/15 W
$499

5,325 GFLOPS
64 GB
4 modes

$1,999

460.8 GFLOPS
8 GB
12W
$399

The power modes for the Jetson AGX Orin are: 15 W, 30 W, 50 W, and MAXN. Meanwhile, for the Jetson Orin Nano, the power modes are 7 W

and 15 W

@ Springer
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Fig. 3 Evolution by epochs 08
during the training phase for the
medium model in each version
and dataset

mAP50-95

/ —— Datasense@CRAS_v6m —— SeaDronesSee v2_vbm USvDD_vém
—— Datasense@CRAS_v8m SeaDronesSee v2_v8m USVDD_v8m
01 —— Datasense@CRAS_vOm —— SeaDronesSee v2_v9m USVDD_v9m
—— Datasense@CRAS_v10m SeaDronesSee v2_v10m USVDD_v10m
—— Datasense@CRAS_11m —— SeaDronesSee v2_11m UsvDD_11m
00 0 20 40 60 80 100 120 140
Epochs

Orin Nano counterpart but is significantly more expensive.
In contrast, Jetson Orin Nano and Intel UP Square are better
suited to IoT applications, with lower energy consumption
requirements, as well as more balanced performance and
cost. We would like to highlight that both NVIDIA boards
offer various power consumption modes, allowing users to
enable or disable certain cores and adjust frequency settings
for adapting computational resources to the specific work-
load according to the user’s requirements.

3.5 Evaluation metrics

The performance of an object detection model is measured
mainly by the AP metric [21]. The main metrics include
Precision and Recall, as defined in Eq. 1. Precision measures
the proportion of correctly predicted positive samples among
all predicted positive samples [42, 43], while recall evalu-
ates how many of the actual positive samples were correctly
identified [43]. Another key metric is mAP (Mean Average
Precision), which averages precision—-recall values at mul-
tiple intersection-over-union (IoU) thresholds to assess the
overall performance of the model [44]

p= TP R= TP
TP + FP TP + FN

N
1
AP = — » AP, 1
mAP = 5 2 AP (D)

@ Springer

3.6 Optimization techniques

Optimization in neural networks is used primarily to mini-
mize criteria, such as energy consumption, bandwidth, and
model size [45]. The study by [19] mentions recommended
techniques that can contribute to developing more robust
lightweight models; therefore, for this study, some of these
techniques are described, which will be implemented in
the proposed models.

The pruning technique consists of eliminating irrel-
evant neurons from the convolutional operations of the
neural network to improve the efficiency and performance

Table4 YOLO performance comparison using the Datasense@
CRAS dataset: benchmarking across models of different sizes

Model mAP50 mAP50-95 R P

YOLOv6n 83.0 60.0 71.0 86.0
YOLOV6 s 86.0 65.0 80.0 89.0
YOLOvV6 m 87.0 66.0 83.0 90.0
YOLOv8n 90.0 68.0 85.0 92.0
YOLOVS s 91.0 71.0 86.0 93.0
YOLOv8 m 93.0 73.0 88.0 94.0
YOLOvVY t 85.0 63.0 80.0 87.0
YOLOVY s 87.0 66.0 82.0 91.0
YOLOV9 m 89.0 69.0 84.0 93.0
YOLOV10n 84.0 62.0 71.0 88.0
YOLOV10 s 87.0 66.0 82.0 90.0
YOLOV10 m 88.0 68.0 82.0 91.0
YOLOLl1n 88.0 67.0 84.0 93.0
YOLOI11 s 90.0 71.0 85.0 94.0
YOLOI11 m 91.0 72.0 87.0 94.0
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of the model [46]. Pruning can be applied before, during,
or after training and can be classified as dynamic pruning
or static pruning [47, 48]. The quantization technique, on
the other hand, focuses on reducing the precision of the
parameters forming the neural network, i.e., minimizing
the number of bits, e.g., fp32 to int8. This effect not only
achieves greater compatibility with different hardware, but
also improves inference speed, sacrificing minimal preci-
sion loss [46, 49]. Quantization can be applied through
three different approaches: dynamic and static quantiza-
tion (both post-training) and quantization-aware training.
Each has its strengths and can be based on what one aims
to achieve [50].

4 Experimental results

In this section, we present the experimental results, includ-
ing analysis of performance metrics, the deployment of
models on edge devices considering both performance and
energy consumption, and comparisons with models from
other studies and different versions of YOLO.

4.1 Performance analysis by epochs

Figure 3 shows the evolution of the mean variance epoch
for the mAP50-95 metric for the three datasets during the
training phase. Note that the best-performing models come
from the Datasense @CRAS dataset for both version 8 and
version 11.

Now, to make a more complete analysis, considering
the Datasense @CRAS dataset for its better performance,
Table 4 shows the evolution by epochs of the training ver-
sions for YOLOv6, YOLOvS, YOLOvV9, YOLOv10, and
YOLO11 using this dataset.

Hardware and Models

4.2 Testing the model on edge devices
4.2.1 Intel UP Squared Pro 7000 Edge

To deploy a YOLO model on Intel Edge devices (CPU,
GPU, and VPU/NPU), it must be converted to the Inter-
mediate Representation (IR) format using the OpenVINO
framework. OpenVINO offers tools such as the Model Opti-
mizer for model conversion and quantization tailored to the
device’s arithmetic, as well as the Neural Network Compres-
sion Framework (NNCF), which optimizes models through
pruning, layer fusion, and precision reduction to int8. The
model-optimized script (mo.py) available in OpenVINO can
be invoked with the parameters —compress_to_fpl6=True
—transform=Pruning to apply pruning and compress the
model from fp32 to fp16. For NNCF optimization, the func-
tion nncf.quantize activates this improvement. However, the
OpenVINO documentation includes more information about
some of these features.’

Figure 4 presents the performance achieved on differ-
ent processors and the improvement obtained by applying
NNCEF optimization, as well as quantization-aware pruning
on the GPU. It is important to note that the size of the model
significantly affects performance, as model n exceeds 50 fps
on the GPU, while version m ranges between 7 and 10 fps.
Note that for both versions 8 and 11, the GPU outperforms
the CPU by more than 2X in both cases (NNCF and quan-
tization-aware pruning enabled). Finally, a single Myriad
accelerator achieves performance very similar to that of a
multicore CPU. In this case, the models trained with the
Datasense @CRAS dataset are evaluated.

3 Convert and Optimize YOLOv8 with OpenVINO. https:/github.
com/openvinotoolkit/openvino_notebooks/blob/latest/notebooks/
yolov8-optimization/yolov8-object-detection.ipynb.
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Table 5 Performance of YOLO models on the AGX Orin under dif-
ferent precision arithmetic

Model Prec. version 8 mAP version 11 mAP
Perf. (fps) Perf. (fps)
n fp32 333.87 0.88 241.37 0.88
fpl6 522.80 0.88 401.35 0.88
int8 684.69 0.53 344.67 0.56
s fp32 197.86 0.89 73.31 0.89
fpl6 361.50 0.89 149.82 0.89
int8 498.81 0.65 204.28 0.66
m fp32 102.35 0.92 150.15 0.90
fpl6 198.01 0.92 260.35 0.90
int8 259.97 0.68 357.76 0.62

Table 6 Performance of YOLO models on the Jetson Orin Nano
under different power modes

Model Prec version 8 version 11
Perf. (fps) Perf. (fps)
at IS W at7 W at IS W at7 W
n fp32 108.18 48.49 73.55 344
fpl6 178.85 83.73 116.07 52.77
int8 228.14 93.35 135.82 60.45
S fp32 58.81 26.00 47.80 21.44
fpl6 106.29 47.12 81.90 38.13
int8 165.24 68.69 117.77 52.82
m fp32 27.92 11.28 22.67 9.58
fpl6 58.52 23.79 41.10 18.31
int8 82.92 33.53 67.41 28.02

4.2.2 Nvidia Jetson AGX Orin

Table 5 shows the impact of the quantization of the model on
the NVIDIA Jetson AGX Orin, evaluated with arithmetic in

fp32, fpl6, and int8. Performance, measured in frames per
second (fps) with the models from the Datasense @ CRAS
dataset, reveals that quantization significantly improves
speed, with an average increase of 1.8 for fp/6 and 2.4x
for int8. Furthermore, as can be seen, the mAP for fp32 and
fp16 arithmetic are similar, while for intS8, the difference is
noticeable.

4.2.3 Nvidia Jetson Orin Nano

The performance of the Jetson Orin Nano device, which can
operate in either 7- or 15-watt modes, is evaluated. This
configurability makes it particularly well suited for deploy-
ment in realistic IoT scenarios, such as battery-powered USV
environments. Table 6 presents the impact of model quan-
tization using fp32, fp16, and int8 arithmetic on inference
performance. The mAP values are not included in this table,
as the accuracy results are identical to those reported in
Table 5, based on the evaluation measurements conducted.

The results indicate that the Jetson Orin Nano system
meets real-time constraints in the 15 W mode and achieves
more than 25 fps in the n and s models in the 7 W mode.
Furthermore, int8 quantization improves the speeds in all
variants.

4.3 Power consumption

A key criterion for the deployment of neural network mod-
els in real systems is energy consumption, especially in IoT
devices with limited energy budgets. This section presents
results on energy requirements.

4.3.1 Intel UP Squared Pro 7000 Edge

Figure 5 shows the energy consumption of the CPU, GPU,
and the Intel MYRIAD accelerator. The inference of the

Fig.5 Power consumption

of YOLOVS8 and YOLO11 on
Intel edge computing proces-
sors across different arithmetic
precisions

B Version 8
12{ W Version 11

Power Consumption (joule)

1.85 176

12.9613.02

1.74 1.72

\! \ W\ 8 Q) Q) Q) Q) «© © © @
A R A\ N N o « N N N
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G?\) A (,‘?\) S &l\\( N N \’\\W\
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MYRIAD models indicates that it is the most efficient
device, while the CPU exhibits the highest energy demand.
However, the GPU shows intermediate behavior for both
versions.

4.3.2 Nvidia Jetson devices

Figure 6 illustrates the power consumption in different
boards and configurations. The NVIDIA AGX, designed
for high-performance industrial environments, exhibits sig-
nificantly higher power consumption compared to the Orin
Nano, a low-power device.

The 7 W and 15 W modes of the Orin Nano were evalu-
ated, with the 7 W mode being the most efficient. It meets
real-time requirements in most environments, making it an
ideal choice for USVs.

4.4 Comparison with other studies
To compare the proposed models, we used the Datasense @

CRAS dataset. Table 7 includes relevant studies on ship
detection or classification. Zhang et al. [51] trained their

directly from the Ultralytics website, and the tests were car-
ried out using images from our dataset (Datasense @ CRAS),
providing a relevant comparison with the custom models we
developed.

4.5 Comparison with other YOLO models

To validate the proposed models, in Fig. 7, we compare
different versions of YOLO, using the Datasense @CRAS
dataset to ensure a fair evaluation. We analyze performance,
taking the average power consumption of the Nvidia Jetson
Orin Nano in 15 W mode at 3-s intervals. The results high-
light that the proposed models are more efficient, achiev-
ing lower inference time, better performance, and a slight
increase in mAP50-95. In particular, YOLOv8n is positioned
as the best choice for resource-constrained hardware, while
YOLOvVS8 m is more suitable for higher accuracy and per-
formance demands.

Table 7 Comparison of our models with those proposed in other
studies using the Datasense @ CRAS dataset as a baseline

model with SeaShip7000 images, WSODD, and data from  podels mAP50  mAP50-95 R P
a USV equipped with a photoelectric capsule device at vari- —
ous water locations. Liu et al. [52] used the COCO dataset YOLOVS“'Or‘.g‘.“al 04 02 13.0 0.5
and other images downloaded to focus on the category of ~ YOLOv8s-original - 0.5 0.3 101 06
ships. Zhou and Peng [53] also used SeaShip7000 to train YOLOV8 m-original 0.2 0.1 8.2 0.4
their model YOLOvV8n-our 90.0 68.0 85.0 92.0
Table 7 shows that our models (YOLOv8 m-our and ~ YOLOV8s-our 910 710 860 930

YOLO11 m-our) stand out with a precison of 94.0%, sur- YOLOv8 m-our 93.0 73.0 88.0 94.0
passing 91.57% reported by Zhang et al. [51], and achieving YOLOI 1n-or1'g1.na1 0.7 04 1.3 0.8
a mAP50-95 of 73.0%, compared to 58.87% in the same YOLO11 S'Orlglflal 0.7 0.5 7.9 L1
study. These results show a remarkable improvement in ~ YOLO11 m-original 0.9 0.5 8.3 1.7
object detection at different IoU thresholds. In addition, our Y OLO1In-our 88.0 67.0 84.0 93.0
models show better retrieval performance and accuracy in YOLOI1 s-our 200 710 85.0 94.0
versions 8 and 11 compared to Liu et al. [52] and Zhou and YOLOH m-our 910 72.0 87.0 94.0
Peng [53], confirming their reliability and robustness in real- Z?ang etal. [51] 92.85 58.87 9023 91.57
time detection. It should be noted that the models labeled ¥ et [52] 36.6 26.8 - 71.9
with the term “original"in Table 7 refer to those downloaded =~ ZN0uand Peng (53] 88.6 62.1 86.5 80.8
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Fig.7 Performance analysis of
YOLO models in terms of infer-
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The results shown in Fig. 7 demonstrate that the models
proposed in our study not only improve on previous ver-
sions of YOLO but also outperform the latest state-of-the-art
(SOTA) models. The performance improvement of our mod-
els is because the versions YOLOv6, YOLOvV9, YOLOV10,
and YOLOI11 have higher architectural complexity, which
slightly reduces the performance. Furthermore, YOLOv10
[54], with its more complex design and two-stage training,
has been observed to increase inference time and resource
requirements, further affecting FPS compared to the single-
stage approach of YOLOVS. In this context, Ranjan’s study
[55] established that YOLOVS outperforms YOLO11 in fruit
segmentation speed, although with a slight trade-off in pre-
cision. However, Muhammad’s post [56] suggests that both

@ Springer
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versions exhibit comparable overall performance, with no
significant differences in effectiveness.

5 Discussion

In this study, three IoT neural devices were evaluated to
determine which offered the best performance-to-price ratio
for the implementation of a vision system. The results show
that while the NVIDIA Orin AGX offers the highest perfor-
mance, its high cost—four to five times higher than other
options—makes it unfeasible except in scenarios where
real-time requirements cannot be met with cheaper alterna-
tives. This study demonstrates that more affordable options,
combined with optimizations, meet real-time requirements.
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Therefore, Fig. 8 presents a Pareto chart analysis of
the relationship between performance versus power

ZED camera

Jets?)n Orin
Nano

Fig. 10 Real image obstacle
detection in the vision system
on the USV

consumption for each model for the Intel devices and the
NVIDIA Jetson Orin Nano (7 W and 15 W).

On the one hand, models converted to int8 arithmetic
exhibit the highest efficiency ratio. However, performance
is proportional to the configured power mode; therefore, the
15-watt power mode achieves faster inference while consum-
ing, on average, twice as much power. Finally, we conclude
that the vision system based on the NVIDIA Jetson Orin
Nano device meets real-time requirements, with measured
energy consumption below 1 watt for larger models such as
m (arithmetic int8).

5.1 Video system deployment

In this section, we present the vision system developed to
detect objects in the USV’s trajectory and avoid collisions.
The photograph in Fig. 9 shows the system assembled in the
USYV, which has been designed to collect water samples from
reservoirs to analyze water quality and detect toxicity caused
by cyanobacteria blooms. The image illustrates the acquisi-
tion of images using the ZED 2 camera and their subsequent
real-time processing by the Jetson Orin Nano-based system.
The remaining electronic equipment shown corresponds to
the engine control system.

Finally, we would like to illustrate the object detection
system integrated with the ZED 2 camera in a real scenario.
Figure 10 presents a real image capture used for obstacle
detection, which showcases the system’s ability to identify
objects in the scene and measure their distances. The detec-
tion of objects in this image was performed with the model
that was trained with the USVDD dataset, since it is the one
that has the classes in accordance with the scenario of the
video where inference was performed.
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6 Conclusion

This work aims to develop a system for detecting objects in
the path of an aquatic USV designed to collect water sam-
ples for water quality analysis, thereby preventing collisions
with potential obstacles. The requirements include imple-
menting a vision system capable of real-time video process-
ing with high accuracy in object identification and distance
measurement while maintaining low energy consumption,
as the USV is battery-powered.
The main findings of this research are as follows.

— Optimization and quantization: these methods signifi-
cantly improve response times, enabling real-time perfor-
mance without compromising accuracy. Notably, NNCF
provides substantial speed enhancements without requir-
ing additional programming by utilizing lower-precision
options, such as half-precision floating point and integer
representations.

— Comparison of edge boards: the Intel Edge device stands
out for its versatility, allowing users to deploy models
on a CPU, GPU, or VPU by modifying a single line of
code. Additionally, multiple MYRIAD VPUs offer a
performance-to-power ratio comparable to that of CPUs
and GPUs. Although NVIDIA’s Orin AGX delivers supe-
rior performance, its higher cost and power consumption
make the Orin Nano a more suitable alternative.

— Feasibility and efficiency: when performance, energy effi-
ciency, and cost are considered, the Orin Nano proves to
be the better choice for real-time applications. In 15-watt
mode, it can run the high-precision YOLOv8 m model
on less than 3 watts, making it an effective solution for
Unmanned Aquatic Vehicles.

— Model comparisons: our proposed models outperform
recent YOLO architectures, demonstrating that the CNN-
based version of YOLOVS8 is more efficient for real-time
operations close to the latest version of YOLOI11.

— Future work: a preliminary analysis of YOLOv12-nano
shows similar accuracy to YOLOVS, with only a slight
2% performance speed-up. A more detailed comparison
with earlier versions is planned for the USV context.
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