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Abstract. This article reviews modern approaches to the application of computer vision in
autonomous unmanned surface vehicles (USVs). Key challenges associated with visual perception in
aquatic environments are analyzed, including illumination instability, surface reflections, wave-
induced disturbances, and the limited computational resources of onboard systems. State-of-the-art
algorithms for object detection, classification, and segmentation on water surfaces are examined,
along with Edge-Cloud architectural approaches for visual data processing. Based on a review of the
literature, promising directions for the advancement of computer vision are identified with the aim of
enhancing the autonomy, navigational safety, and operational efficiency of surface robotic platforms.
Special attention is given to the Edge Al paradigm and the potential of compact onboard computing
platforms (edge devices) to overcome the resource constraints inherent to unmanned surface vehicles.

Key words: computer vision; unmanned surface vehicles; object detection; Edge-Cloud; artificial
intelligence; Edge Al; edge device; onboard computing; neural networks; model optimization.

AHAJII3 CYHACHOI'O CTAHY, IIPOBJIEM TA HAIIPAMIB PO3BUTKY
KOMII'IOTEPHOI'O 30PY B CUCTEMAX HAZIBOJHUX POBOTIB

Bosaoaumup Korenko

XapKiBCbKUI HalllOHAIBHUH YHIBEPCUTET PaIiOeNIeKTPOHIKA

VYkpaina, 61166, Xapkis, np. Hayku 14

E-mail: volodymyr.kotenko@nure.ua

AHoTanifA. Y cTarTi NpoBEACHO OIJIAJ CYYacHHMX MiJXOJIB IO 3aCTOCYBaHHS KOMII IOTEPHOIO
30py B HamBogHux pobotax (Unmanned Surface Vehicles, USVSs). IIpoananizoBaHo KIOYOBI
BUKJIMKH, TIOB’s3aH1 3 Bi3yaJbHUM CHPUMHSATTAM BOJHOIO CEpENOBHUIIA, 30KpeMa HECTaOlIbHICTh
OCBITJIEHHS, BIIOUTTSA, XBWJIbOBI NEPEIIKOAM Ta OOMEXKEHI OOYHMCIIOBAIbHI pecypcu OOpTOBUX
cucteM. Po3riasiHyTO cyyacHi alropuTMHU BUSIBJIEHHS, Kjacudikamii Ta cermMeHTalii 00’€KTiB Ha
MOBEPXH1 BOJU, a TaKOXK apxiTekTypHi niaxoan Edge-Cloud ang o6po6ku BiyanbHUX aaHux. Ha
OCHOBI aHali3y JITepaTypHUX JDKEepel BHU3HAUYE€HO MEpPCHEeKTUBHI HaMpsIMH  PO3BUTKY
KOMIT IOTEPHOTO 30pYy JUIsl TiABUINEHHS aBTOHOMHOCTI, Oe3meku HaBiraiii Ta e(QeKTUBHOCTI
po6oTH HaABOAHUX poboTH30BaHUX MmiuaTdopM. OkpeMo mpoaHanizoBaHo KoHuenmito Edge Al Ta
MOXJTMBOCT1 3aCTOCYBaHHS KOMITAKTHMX OOpTOBUX oOuucmoBanbHuX miardopm (Edge Devices)
JUIS TIOI0JIaHHS PECYPCHUX OOMEXEHb HaJJBOJAHUX POOOTIB.

KawuoBi cjoBa: komm’toTepHuid 3ip; HaaBOIHI poOoth; BusBieHHs 00’ekTiB; Edge-Cloud,;
wtyynuii inTenekt; Edge Al; Edge Device; 6opToBi 004YHCIeHHs; HEHPOHHI MEpEeKi; ONTUMI3aIlis
MOJEIIEH.

The modern development of unmanned surface vehicles is driven by growing demands in water
body monitoring, environmental control, search and rescue operations, infrastructure protection, and
maritime safety. Unmanned surface platforms enable the execution of long-duration missions in
hazardous or hard-to-reach conditions without direct human involvement. A key factor in increasing
the autonomy of such systems is the robot's ability to adequately perceive its surrounding
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environment and make navigational decisions in real time. In this context, the ability to perform
complex computational tasks directly onboard the platform under conditions of limited energy and
hardware resources becomes critically important.

Computer vision plays a central role in obstacle detection, object recognition, water surface
segmentation, and motion trajectory planning. At the same time, the aquatic environment presents
unique challenges for visual perception, significantly complicating the use of standard computer
vision algorithms. Therefore, investigating the challenges and development prospects of visual
systems represents a relevant scientific and practical objective.

Unmanned surface vehicles employ video cameras as a versatile, relatively low-cost, and
information-rich sensor. Cameras provide detailed information about objects, including their shape,
color, and spatial positioning. At the same time, the aquatic environment is characterized by high
dynamics and instability, which significantly complicates image interpretation.

Solar glare, specular reflections, wave-induced distortions, and variations in illumination levels
lead to substantial changes in visual features even for the same object. Additional complicating
factors include fog, rain, snow, and sea spray, which reduce image contrast and increase noise levels.
Under such conditions, traditional computer vision methods based on handcrafted feature engineering
demonstrate limited effectiveness.

The advancement of deep learning has significantly expanded the capabilities of visual perception;
however, its practical application in USVs faces constraints related to computational resources,
power consumption, and real-time processing requirements. This necessitates onboard data
processing using energy-efficient computing platforms, giving rise to the need for specialized
architectures and algorithms adapted to aquatic conditions [1-2].

Unlike urban or terrestrial scenes, maritime and riverine scenes are characterized by the absence of
a stable background (Fig. 1). The water surface changes continuously, which complicates the use of
background subtraction methods or classical motion models. Furthermore, the water-sky boundary is
often indistinct, particularly under conditions of fog or wave activity.
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Figure 1 — Examples of typical challenges in aquatic scenes (glare, waves, fog, small objects) [3]
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Another distinctive feature is the wide variation in object scales. Small floating obstacles (debris,
small buoys) can be critically hazardous yet occupy only a few pixels in the image. Conversely, large
vessels may partially extend beyond the frame, complicating their correct detection and tracking. This
requires computer vision algorithms to exhibit high sensitivity to small objects while remaining
robust to partial occlusions. Additional challenges arise from the robot’s motion on waves, which
causes video stream blur and leads to difficulties in estimating the distance to objects [3].

For object detection in surface vehicle scenarios, convolutional neural networks from the YOLO
family (versions v8-v11), SSD, and Faster R-CNN are widely employed. Their advantage lies in the
ability to handle heterogeneous objects and complex scenes without handcrafted feature engineering.
Lightweight YOLO modifications (incorporating Ghost modules, pruning, quantization, and attention
mechanisms) enable real-time detection even on constrained platforms such as NVIDIA Jetson,
achieving FPS > 100 and mAP > 95% on datasets such as MODS and MaCVi (Fig. 2) [4].

YOLOvSn & =
(Rainy) -
Ours (Rainy) =

(a) original angle=45 angle=0

45

YOLOvSn
(Haze)

Ours (Haze)

FHEE

p=007 (d)original ()(H } 0.05 B =007

YOLOvSn
(Low-light)

Ours
(Low-light)

(e)original 7 =15 v =20 v =30 (Horiginal =15 =20 7=30
Figure 2 — Examples of aquatic object detection under various weather conditions using YOLOv8n

[4]

One of the key limitations of modern computer vision systems is the high computational demand
of deep learning algorithms. Most contemporary models, including convolutional neural networks
and transformer-based architectures, require substantial memory and high-performance GPUs, which
significantly hinders their practical deployment onboard unmanned surface vehicles. USV onboard
systems are generally subject to strict constraints on power consumption and computational capacity,
making it infeasible to directly employ full-scale neural networks without prior optimization or the
involvement of external infrastructure. This poses a serious practical challenge, as real-time video
stream processing and navigational decision-making are critical to the safe operation of USVs in
aquatic environments [5-7].

A distinct category of tasks involves water surface segmentation and panoptic segmentation. This
enables the identification of safe navigation zones and simplifies subsequent trajectory planning.
Modern approaches combine classical adaptive segmentation methods with neural networks such as
U-Net, DeepLab, or Transformer-based architectures (e.g., WS-DETR with vision-radar fusion).
Promising directions include online learning, where the model incrementally adapts to new
conditions without a pre-labeled dataset, as well as multimodal fusion (vision + radar/LiDAR/IMU)
[8].
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A widely adopted approach to partially overcoming resource constraints is the use of hybrid Edge-
Cloud architectures. In such systems, the onboard component (edge) handles video capture, basic
processing, and critical navigational decisions in real time, while more complex detection and
classification algorithms are executed on a remote server (cloud). This enables the use of more
accurate models without fully overloading the onboard platform [9-10].

However, the Edge-Cloud approach has significant limitations, including data transmission
latency, instability of wireless communication in open water, and channel security risks. These
drawbacks make it merely an intermediate solution rather than a definitive answer to the
computational resource problem of USVs.

A promising development direction that can address the aforementioned resource constraints is the
Edge Al concept — that is, performing data processing directly on onboard computing devices (edge
devices). This approach can reduce latency, improve system reliability, and decrease dependence on
unstable network connectivity, which is critically important for operation in open water
environments. Research demonstrates that shifting computation to the edge level enables effective
real-time computer vision algorithms even under constrained resources [5-7].

The effectiveness of this approach is achieved through model optimization techniques, including
quantization, structural pruning, and knowledge distillation, which allow for a significant reduction in
the computational complexity of neural networks without substantial loss of accuracy. This method
therefore opens up the possibility of deploying sophisticated computer vision algorithms on compact,
energy-efficient platforms [5-7].

The practical implementation of Edge Al in surface robotics can be realized on the basis of
modern single-board computers and specialized computing modules, such as NVIDIA Jetson Nano,
NVIDIA Jetson Orin Nano (Fig. 3), Google Coral Edge TPU, Raspberry Pi 5, Orange Pi, and others.
These platforms provide hardware-accelerated computation and enable real-time object detection
algorithms without the need for continuous connection to cloud services [11].
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Figure 3 — Unmanned surface vehicle equipped with a camera and an onboard Jetson Orin Nano
computing module [11]

Contemporary research demonstrates that the use of optimized YOLO models on edge devices
enables high processing speed at low power consumption, which is particularly important for
unmanned surface vehicles. A number of studies have also demonstrated the feasibility of using

single-board computers from the Raspberry Pi family for implementing computer vision systems
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directly onboard USVs, confirming the suitability of such platforms for detection and navigation
tasks at relatively low power consumption. The integration of Edge Intelligence into USV control
systems reduces data processing latency, improves resilience to communication loss, and enhances
the overall operational efficiency of the system under challenging aquatic conditions [5-7, 11].
Furthermore, future research in the field of computer vision for unmanned surface vehicles should
focus on developing more adaptive and robust models capable of operating effectively under high
uncertainty and rapidly changing maritime environments. In particular, a promising direction is the
incorporation of uncertainty estimation mechanisms, such as Bayesian deep learning or Monte Carlo
dropout, which allow the model not only to detect objects but also to assess the reliability of its
predictions — a capability that is critical for safe operation in fog or rough sea conditions (fig. 4) [12].
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Figure 4 — Block diagram of Bayesian SegNet semantic segmentation [12]

Significant potential is also offered by domain adaptation and domain randomization techniques,
which help models generalize knowledge from synthetic data to real-world conditions. Of particular
relevance is the combination of computer vision with multisensor systems through the fusion of data
from radar, LIDAR, or IMU - this compensates for the weaknesses of purely visual perception in
adverse weather conditions and improves distance estimation and object tracking.

The integration of reinforcement learning algorithms will enable USVs not merely to react to the
environment, but to optimize their behavior during operation — for example, by selecting safe
obstacle avoidance trajectories. Synthetic data generated in simulators such as Webots or Gazebo,
with realistic modeling of waves, glare, and objects, will play an important role in training models
without the need for costly field experiments [13-14].

CONCLUSIONS. Computer vision is a fundamental component of unmanned surface vehicles,
determining their level of autonomy, navigational safety, and operational effectiveness in challenging
aquatic environments. Despite significant advances in deep learning (lightweight YOLO models,
Transformer architectures), the aquatic environment presents unique challenges: illumination
instability, glare, wave-induced distortions, and a shortage of specialized datasets. A separate issue
remains the limited computational resources of onboard platforms, which complicates the real-time
deployment of complex models.

Overcoming these limitations is associated with the transition from hybrid Edge-Cloud
architectures to full-fledged Edge Al solutions — processing data directly onboard using optimized
models and energy-efficient platforms. Promising directions for future development also include
adaptive models with uncertainty estimation, multimodal sensor fusion, the use of synthetic data, and
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reinforcement learning — together, these pave the way toward the creation of fully autonomous fleets
of unmanned surface vehicles for monitoring, search and rescue operations, and waterway
surveillance.
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