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School of Agricultural Engineering, Jiangsu University, Zhenjiang, China
Crab fisheries are important components of coastal food systems, but their

sustainable development depends on selective fishing gear, reliable field infor-

mation, and reduced ecological disturbance. This review synthesizes 173 studies

published from 2002 to 2025 and retrieved from Scopus, Web of Science,

ScienceDirect, SpringerLink, and PubMed. The reviewed evidence covers crab

pot and trap selectivity, underwater image acquisition, target detection, instance

segmentation, sex and quality recognition, visual localization, sorting and han-

dling automation, resource monitoring, catchability calibration, and derelict-gear

impacts. The synthesis shows that intelligent crab harvesting should be evaluated

as an integrated marine-engineering workflow rather than as isolated gear or

algorithm performance. Machine vision can support individual identification,

measurement, grading, behavioral observation, and resource assessment, but

its management value depends on calibrated field deployment, traceable envi-

ronmental metadata, robust edge inference, and explicit links between percep-

tion outputs and selective capture or handling decisions. Future research should

prioritize standardized crab image datasets, lightweight and multimodal percep-

tion models, equipment-algorithm co-design, long-term field validation,

catchability-aware monitoring, and life-cycle assessment of resource-conserving

crab fishing systems.

KEYWORDS

crab fisheries, crab pots and traps, intelligent fishing gear, machine vision, resource
conservation, selective harvesting
1 Introduction

Crab fisheries increasingly require a link between resource assessment, selective capture,

visual perception, and operational decisions. Historical analyses of red king crab fisheries

show that declines in commercial biomass and aggregation density can lead to periodic

fishing closures, while new fishing grounds may overlap with areas important for population

reproduction (Ivanov, 2025; Slizkin et al., 2025). Regional analyses of snow crab fisheries

further indicate that catch is shaped not only by fishing effort, but also by stock abundance

and environmental conditions such as sea ice (Tao et al., 2024). Crab harvesting therefore

cannot be understood simply as a process of increasing catch. Gear parameters, fishing

locations, operating periods, and conservation measures must be evaluated within a shared

technical framework.
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Throughout this review, the terms ‘crab pot’ and ‘crab trap’ are

used interchangeably to describe passive, baited enclosures designed

for trapping and retaining marine crabs. For consistency, the term

‘crab pot’ is adopted hereafter to encompass all structural variants of

these trapping devices. Resource monitoring provides the founda-

tion for management. Coleman et al. (2024) demonstrated that

fishery-dependent and fishery-independent data can jointly support

brown crab density monitoring, and that climate indices and

temperatures during key developmental periods may affect popu-

lation abundance. Willse et al. (2024) argued that management

controls and biological reference points in data-limited crustacean

fisheries should be set according to species-specific life-history

traits. Studies of Chilean and Patagonian crab fisheries also show

that spatial-temporal resource assessment, catch per unit effort, size

composition, sex ratio, soak time, and escape-ring information are

essential for identifying exploitation status and improving moni-

toring programs (Hamamé et al., 2024; avila-Thieme et al., 2025).

Crab pots and traps are the immediate interface through which

resource status is converted into landings. They are relatively

selective and generate less benthic disturbance than many active

gears, but the unintended retention of undersized target individuals

still limits their management value. Yu et al. showed in swimming

crab pot fisheries that escape vents, mesh size, and mesh opening

affect size selectivity and that laboratory prediction models can

support offshore design screening (Yu et al., 2026). Gear optimiza-

tion should therefore consider the whole sequence of approach,

entry, retention, and escape rather than entry rate alone. Vertical

lines between surface buoys and pots also create entanglement risk

for marine animals; Matzen et al. proposed acoustic on-demand

retrieval as one way to reduce persistent vertical-line exposure

under specific operating conditions (Matzen et al., 2025).

As cameras, sensors, and embedded computing devices enter

aquaculture and fishing sites, machine vision has become a data

interface for individual identification, behavior recording, and

resource monitoring. Gu et al. used deep-learning frameworks to

connect detection, classification, carapace-width measurement, bio-

mass estimation, and burrow recognition with spatial community

analysis (Gu et al., 2026). However, Li et al. showed that underwater

color attenuation, low contrast, visual noise, and scene-specific

constraints can weaken carapace cues and reduce model transfer-

ability (Li X. et al., 2026). River crab feeding-platform monitoring

and real-time underwater detection studies further show that image

enhancement, lightweight inference, and environmental informa-

tion must be evaluated as a complete sensing chain rather than as

isolated model improvements (Ji et al., 2023; Sun Y. et al., 2026).

This transition from visual perception to operational decision-

making is supported by transferable evidence from AI-enabled

agricultural equipment, object detection, and selective-harvesting

vision systems (Jin et al., 2021; Gao et al., 2025; Khan et al., 2025;

Wang W. et al., 2025; Zhu et al., 2025).

Vision technology is also expanding from close-range individ-

ual recognition toward multi-scale ecological monitoring.

Multimodal classification tools for marine decapods, resident sea-

floor robots, UAV-based intertidal pipelines, and rapid bycatch

assessment frameworks all demonstrate that images from different

platforms vary in spatial scale, viewing angle, illumination,
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background, and target state (Chatzievangelou et al., 2022; Chen

X. et al., 2025; Li et al., 2025; Zhou et al., 2025; Chen X. et al., 2026).

Model accuracy is therefore meaningful only when interpreted

together with task definition, dataset composition, and

field conditions.

Existing studies have accumulated evidence on resource man-

agement, pot selectivity, visual recognition, and automated equip-

ment. Yet the links among resource status, capture processes, visual

outputs, and ecological impacts remain fragmented. This review

synthesizes these links so that individual technical indicators can be

translated into interpretable evidence for gear optimization and

resource-friendly operations.

While the individual components of intelligent marine tech-

nologies have progressed rapidly, a critical gap remains in the

secondary literature. Previous review papers have largely examined

these domains in isolation. For instance, reviews on underwater

machine vision and marine robotics (Reggiannini and Moroni,

2021; Liu et al., 2023; Li et al., 2024) predominantly focus on optical

restoration and algorithmic performance metrics, lacking integra-

tion with physical capture mechanisms. Conversely, comprehensive

reviews centered on sustainable fisheries and selective gear

(Lucchetti et al., 2021; Petetta et al., 2021; Hilborn et al., 2026)

typically evaluate structural modifications and bycatch reduction

from a purely physical or ecological standpoint, without incorpo-

rating the potential of real-time artificial intelligence. Furthermore,

literature synthesizing seafood processing automation is generally

confined to post-harvest onshore factory settings, entirely decou-

pling the processing stage from the actual harvesting event.

The primary novelty of this review lies in dismantling these

interdisciplinary silos. What this paper provides—which previous

reviews on crab fisheries or automated harvesting have not—is the

construction of an integrated, end-to-end “perception-to-action-to-

impact” framework. By explicitly mapping the data and physical

workflows from underwater resource observation and target per-

ception, through dynamic gear response and shipboard handling, to

macro-level ecological assessment, this review serves as the first

comprehensive roadmap for transitioning fragmented intelligent

technologies into a unified, resource-conserving crab harvest-

ing system.

Within the specific context of this review, ‘sustainability’ is not

treated as an abstract concept, but is explicitly defined as the

capacity of a harvesting system to maximize target yield while

verifiably minimizing unintended ecological impacts. This trans-

lates into concrete resource-conserving objectives: precise exclusion

of non-target and undersized species, zero-harm handling to ensure

high post-release survival, and the generation of high-fidelity

biomass data to support dynamic quota management.
2 Review methods

To systematically map the rapidly evolving technological land-

scape of intelligent crab harvesting, this study was designed as a

scoping review. The methodology was developed in alignment with

the PRISMA-ScR (Preferred Reporting Items for Systematic reviews
frontiersin.org
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and Meta-Analyses extension for Scoping Reviews) guidelines

to ensure transparent and reproducible reporting of the cross-

disciplinary literature.

This review synthesizes recent engineering and technological

developments in intelligent crab harvesting equipment and visual

recognition technologies, with emphasis on underwater imaging,

crab target detection, sex and quality recognition, pot selectivity,

automated processing, and resource-friendly fishing operations.

Relevant literature published between 2002 and 2025 was searched

in Scopus, Web of Science, ScienceDirect, SpringerLink, and

PubMed; after duplicate removal, title-and-abstract screening, and

full-text eligibility assessment, 173 studies were included.

A predefined set of search keywords and Boolean operators was

used across all databases. The primary search terms included

combinations of: “crab fisheries,” “crab harvesting,” “crab pot,”

“trap selectivity,” “escape vent,” “soak time,” “underwater video,”

“underwater crab detection,” “machine vision,” “computer vision,”

“YOLO,” “crab segmentation,” “sex recognition,” “quality grading,”

“robotic processing,” “ghost fishing,” and “biodegradable escape

device.” The search strategy was adapted to each database using

appropriate syntax and filtering tools. A reproducible example of

the search logic is: (“crab” OR “crustacean”) AND (“pot” OR “trap”

OR “harvesting”) AND (“machine vision” OR “computer vision”

OR “YOLO” OR “segmentation”).

The inclusion criteria comprised peer-reviewed journal articles,

conference papers, and review studies focusing on crab harvesting

technologies, visual recognition methods, intelligent fishing

equipment, monitoring systems, gear selectivity, automated pro-

cessing, and sustainable crab fishery operations. Studies were

included if they provided quantitative or qualitative insights into

equipment design, visual perception, behavioral response, capture

performance, resource monitoring, or ecological impacts in

crab-related applications.

The exclusion criteria eliminated non-English publications,

studies unrelated to crabs or crustacean field applications, purely

theoretical works without harvesting, monitoring, or equipment

application, and duplicate records across databases. An initial

screening of records was conducted based on titles and abstracts,

followed by a full-text eligibility assessment. After removing dupli-

cates and irrelevant studies, the final selection consisted of N = 173

studies included in the review. This language restriction may have

excluded region-specific engineering studies and should be consid-

ered a limitation of the review.

To ensure methodological transparency, the study-selection

procedure was systematically documented. The comprehensive

literature search across the five selected databases was conducted

between January 15, 2025, and February 28, 2025. The initial search

yielded a total of 895 records. Using reference management soft-

ware, 214 duplicate records were identified and removed, leaving

681 unique articles for the initial screening phase.

During the primary screening, two reviewers independently

evaluated the titles and abstracts based on the predefined inclusion

and exclusion criteria, resulting in the exclusion of 396 irrelevant

studies. The remaining 285 articles were retrieved for comprehen-

sive full-text assessment. Following the full-text review, an addi-

tional 112 articles were excluded for the following specific reasons:
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(n=45), insufficient technical depth or absence of empirical valida-

tion (n=52), and language restrictions or full-text unavailabil-

ity (n=15).

Ultimately, 173 studies met all criteria and were included in the

final review. To mitigate selection bias and ensure rigorous evalu-

ation, both the title/abstract screening and the full-text assessment

stages were conducted independently by two reviewers. Any dis-

agreements regarding study eligibility between the primary review-

ers were resolved through thorough discussion to reach a

consensus, or when necessary, by consulting a third senior re-

searcher for a final decision.

The included studies were organized into four evidence do-

mains: visual perception, pot/trap selectivity, processing automa-

tion, and resource-conservation assessment.

To avoid treating visual recognition, pot design, processing

automation, and conservation assessment as separate topics, this

review organizes the evidence as a perception-to-action-to-impact

chain. Resource status defines the management constraint; pot and

trap structures determine the capture pathway; visual perception

converts individuals, behavior, and operating conditions into mea-

surable information; automation translates visual outputs into

handling, sorting, or verification actions; and monitoring,

catchability calibration, and ecological-impact assessment close

the loop for resource-conserving crab fisheries.

Under this framework, the following sections move from

information acquisition to capture control, then to operational

execution and management feedback. Section 3 examines how

crab images become reliable perception outputs. Section 4 links

behavioral response and pot design with selective capture. Section 5

explains how visual outputs become actionable coordinates, trajec-

tories, and sorting decisions. Section 6 returns these technical

outputs to resource monitoring, catchability calibration, selective

harvesting, and ecological-risk assessment.

To explicitly illustrate how these previously isolated technolo-

gies integrate into a unified workflow, Figure 1 presents the

comprehensive system architecture of an intelligent crab harvesting

operation. As illustrated, this framework bridges the gap between

digital data flow and physical material flow through four distinct,

interconnected layers:

1. Perception & Collection Layer: Raw multidimensional data-

captured via underwater imaging, shipboard sensors, and

UAVs-forms the foundational input stream, continuously

logging environmental variables and target visual cues.

2. AI Analysis Layer: Acting as the computational core, this

layer processes the incoming raw data through edge-com-

puting architectures. It executes real-time tasks such as

morphological preprocessing, species/sex/size attribute rec-

ognition, and DeepSORT-based counting and tracking,

ultimately translating visual data into precise decision co-

ordinates and anomaly alerts.

3. Operation & Execution Layer: The AI-derived decision

outputs directly drive physical mechanical actions. In the

water, this enables intelligent gear adjustments, catch selec-

tivity optimization, and optimal soak-time control; on deck,
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it provides the spatial coordinates required for robotic

guidance, automated conveying, and dynamic sorting.

4. Monitoring & Evaluation Layer: The continuous, granular

data generated during sorting operations feeds into macro-

level sustainable resource monitoring systems. This supports

long-term stock assessments, ecological risk performance

indicators, and informed fisheries management decisions.

Crucially, a systemic feedback loop connects the macro-level

sustainability projections back to the operational and perception

layers, ensuring that the intelligent harvesting system continuously

adapts to dynamic marine environments and resource conserva-

tion mandates.

2.1 Data extraction and evidence synthesis

Following the final study selection, data were systematically

extracted using a predefined, standardized spreadsheet to ensure

consistency across all reviewers. For each of the 173 included

studies, the following key variables were systematically recorded:

author(s) and publication year, target crab species, specific techno-

logical intervention, methodological approach, key performance

metrics, and identified environmental or computational limitations.

The evidence synthesis was structured around four primary

operational domains. These domains were generated through a

hybrid deductive-inductive approach. Initially, the broad categories

were predefined deductively, mirroring the sequential conceptual

workflow of intelligent crab harvesting (i.e., perception, capture,

processing, and management). Subsequently, during the full-text

review process, these boundaries were inductively refined to pre-

cisely map the actual technological contributions found in the

literature. Consequently, the extracted evidence was coded as

follows: (1) studies focusing on underwater imaging and target
Frontiers in Marine Science 04
recognition were assigned to the ‘Visual Perception’ domain;

(2) research detailing escape-vent geometries and catch-retention

mechanisms was mapped to ‘Selective Catch Operations’; (3) papers

addressing robotic handling and machine-vision-guided sorting

were classified under ‘Deck Processing Automation’; and

(4) literature centered on population dynamics and ecological

impact modeling was grouped into ‘Macro-Level Resource

Monitoring.’ Studies bridging multiple domains were assigned to

their primary area of technological innovation while cross-refer-

enced in subsequent systemic discussions to illustrate the integrated

data flow.

2.2 Evidence quality classification

Given the extreme heterogeneity of the included literature—

which spans algorithmic machine-learning experiments, mechanical

prototypes, field fishing trials, and macro-ecological monitoring—

assuming equivalent methodological strength across all studies is

invalid. Because formal quality-assessment instruments (such as

clinical risk-of-bias tools) are inappropriate for such cross-disciplin-

ary engineering literature, this review established a transparent

evidence-quality classification framework.

Studies were evaluated and classified into one of three tiers

based on their validation environment and methodologi-

cal completeness:

1. Tier 1 (In-silico and Conceptual Validation): Studies con-

fined to numerical simulations (e.g., finite element analysis)

or deep-learning models trained and tested exclusively on

offline, pre-recorded datasets without hardware deploy-

ment. The evidence reliability at this level is heavily contin-

gent on dataset diversity and metric transparency, but it

lacks physical validation.
FIGURE 1

The comprehensive system architecture of an intelligent crab harvesting operation, illustrating the continuous data and physical workflow across the
perception & collection, AI analysis, operation & execution, and monitoring & evaluation layers.
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2. Tier 2 (Controlled Laboratory/Tank Experiments): Studies

featuring physical prototypes evaluated in highly controlled

environments, such as flume tanks, soil bins, or laboratory

processing lines with optimal lighting. These studies dem-

onstrate high internal validity and proof-of-concept me-

chanical viability, but deliberately exclude real-world marine

or shipboard interferences.

3. Tier 3 (In-situ and Commercial Field Trials): Studies de-

ploying integrated systems on active fishing vessels, auto-

mated deck conveyors, or in actual marine habitats. This

represents the highest tier of evidence quality for applied

engineering, as the methodologies must account for real-

world variables, including dynamic weather, severe occlu-

sion, biological bycatch, and continuous operational stress.

Throughout the evidence synthesis (Sections 3 through 6),

findings are contextualized within this framework to ensure that

the technological maturity of laboratory-scale concepts is not

conflated with field-ready commercial reliability.

2.3 Classification of evidence source
proximity

To prevent overstating the technological maturity of intelligent

crab harvesting and to maintain scientific objectivity, the evidence

synthesized in this review is explicitly classified into three hierar-

chical levels based on source proximity:

1. Direct crab evidence: Studies explicitly developing or vali-

dating technologies for crab species (e.g., Eriocheir sinensis,

Portunus trituberculatus, Snow crabs). This forms the pri-

mary empirical foundation of the review.

2. Other crustacean/marine evidence: Literature focusing on

functionally similar marine organisms or environments

(e.g., lobsters, benthic fish, general underwater robotics).

This evidence is utilized to bridge gaps in underwater

locomotion and marine sensor deployment.

3. Cross-domain transferable evidence: Terrestrial agricultural

studies (e.g., robotic harvesting of apples, grapes, or tea

shoots). These are explicitly invoked strictly as conceptual

models to illustrate potential automation solutions (such as

end-effector design or canopy-penetrating vision) that have

not yet been empirically realized in crab fisheries.
3 Crab target perception, visual
recognition, and field deployment

3.1 Underwater crab image acquisition and
imaging interference

Underwater crab images are not a single homogeneous data

type. They are evidence carriers shaped by observation scale,

imaging medium, and task output. Close-range individual images

preserve carapace appearance, contour, and local texture;
Frontiers in Marine Science 05
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and blur; water-column observations and benthic traces correspond

to spatial distribution and habitat structure. If scene, time, viewing

distance, and environmental conditions are not stored with the

image, later model errors cannot be separated into target differ-

ences, imaging degradation, or sampling bias.

Although these studies are not crab-specific, Comparable studies

using spectral, microscopic, and food-quality imaging further indicate

that imaging modality, illumination condition, and material state

must be reported together before visual features can be interpreted

reliably (Xu et al., 2018; Yao et al., 2022; Huang et al., 2023; Liang

et al., 2023; Jiang et al., 2025; Xi et al., 2025; Yao et al., 2026).

Studies on Chinese mitten crab gender detection and mud crab

detection show that simple backgrounds, simulated backgrounds,

aquaculture cages, continuous frames, occlusion, and blur corre-

spond to different forms of image degradation (Yu et al., 2025; Li X.

et al., 2026). Color attenuation, low contrast, noise, dynamic light,

background structure, target movement, and occlusion alter the

usable regions for detection. Multi-sensor water-column observa-

tions and three-dimensional burrow imaging further show that

target location is constrained by water-mass structure, substrate,

and habitat media (Grassian et al., 2023; Wang Y. et al., 2024; Wang

Y. et al., 2025). Underwater flickering light may also alter the

conditions under which animals use brightness cues (Venables

et al., 2022). These input conditions determine which visual cues

should be preserved in feature construction.

Fundamentally, underwater visual perception is constrained by

physics-driven degradation: wavelength-dependent light absorption

and forward/backward scattering intrinsically cause color distor-

tion, low contrast, and severe blurring. Furthermore, constructing

robust datasets under these conditions is plagued by extreme class

imbalance and labor-intensive annotation. To overcome these

bottlenecks, recent algorithmic adaptations increasingly employ

marine-specific data augmentation, such as underwater

Generative Adversarial Networks and synthetic data generation,

to artificially expand training distributions and enhance model

robustness without prohibitive field-sampling costs.

The interpretability of image data depends on binding images to

environmental metadata. Camera position, light-source state, back-

ground type, target posture, and occlusion determine which cues

are available in close-range images. Frame rate, target motion, and

inter-frame background change determine whether video can

compensate for single-frame loss. Platform trajectory, observation

depth, and substrate information determine whether water-column

or benthic surveys can be converted into spatial indicators. For

cross-scene application, unenhanced images and processing param-

eters should be preserved as baselines for separating environmental

variation from algorithmic effects.

3.2 Crab visual recognition models and
field deployment

3.2.1 Conventional machine-vision feature
construction and classification

Conventional machine vision uses color, texture, edge, shape,

and geometric relationships as interpretable inputs. Tasks typically
frontiersin.org
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proceed through candidate-region restriction, local feature extrac-

tion, and classification or measurement. In crab operations, local

color and geometric templates can express body-part position and

path reference, whereas whole-body appearance and weighing

information can define quality variables. Both task types require

the visible image cues to correspond to target regions, individual

posture, and measurement objects, not merely to a recognizable

image. Related machine-vision studies based on color, texture, block

classification, and feature fusion provide useful methodological

references for keeping handcrafted features physically interpretable

(Liu et al., 2018; Peng et al., 2021; Zhu et al., 2023; Qiu et al., 2024;

Guo et al., 2025; Memon et al., 2025).

Current applications of conventional machine vision in crab

processing highlight a distinct evolution in feature utilization,

driven by the specific demands of spatial localization versus quality

discrimination. Early approaches successfully relied on 2D local

color clustering and template matching to translate specific body

parts into actionable cutting lines (Wang et al., 2018), or combined

shell color with morphological traits for automated grading (Wang

et al., 2023). While these 2D methods excel in environments with

controlled lighting and isolated targets, they reveal significant

limitations when faced with complex spatial overlaps. To address

this, recent advancements have incorporated RGB-D segmentation

and pose estimation (Ali et al., 2026), demonstrating that depth

mapping and 3D keypoints are indispensable for resolving bound-

aries in piled or heavily occluded crab catches-a task where color or

template methods alone consistently fail.

Synthesizing these studies reveals a critical trade-off in conven-

tional machine vision: while handcrafted features offer highly

interpretable variable paths (e.g., color directly maps to grade;

local position maps to tool approach), their robustness is intrinsi-

cally fragile. The physical meaning of these variables is highly

susceptible to shifts in illumination, target posture, or background

noise. Therefore, determining the maturity of a conventional vision

system requires evaluating not just its isolated accuracy, but its

operational stability under dynamic imaging conditions.

3.2.2 Progress in convolutional neural-network
object detection

Outputs of convolutional neural networks in crab vision have

expanded from single bounding boxes to community counting, sex

and species recognition, molting-state detection, carapace keypoint

measurement, and quality-variable extraction. Inputs include un-

derwater images, intertidal aerial images, close-range processing

images, and multimodal observations, while outputs support oc-

currence records, individual-attribute recognition, morphological

measurement, and operation-object screening. Model comparison

should therefore be organized around target scale, background type,

annotation object, and output form. Consequently, the rationale for

architectural selection and hyperparameter tuning must be strictly

driven by task-specific constraints-balancing the need for aggressive

data augmentation to prevent overfitting on small marine datasets

against the spatial precision required for automated handling.

Recent YOLO-based recognition, segmentation, localization,

and picking-point studies in selective harvesting also support
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evaluating model performance according to target scale, occlusion,

localization output, and downstream action requirements (Ji et al.,

2022; Wang et al., 2022; Hu T. et al., 2023; Xie et al., 2024; Liu D.

et al., 2025; Peng et al., 2025b).

Deep learning has been used for automated crab community

monitoring, underwater gender detection, cross-frame mud crab

detection, incremental species recognition, phenotypic keypoint

detection, soft-shell crab discrimination, juvenile sex identification,

and fatness grading (Zhang Z. et al., 2024; Duan et al., 2025; Wu

et al., 2025). Underwater tasks must handle color attenuation,

occlusion, and background mixing, whereas processing and grading

tasks emphasize body parts, posture, and paired variables from the

same individual. After image-level classification shifts toward de-

tection, instance segmentation, and keypoint prediction, annotation

rules and acquisition conditions become part of the interpretation

of model results (Yu et al., 2025; Gu et al., 2026; Li X. et al., 2026).

Training samples determine not only what a model can recog-

nize but also how it interprets scene changes. If one class always co-

occurs with a specific background, size range, or acquisition

method, the network may use those co-occurring properties as

discriminative cues. Crab detection datasets should therefore de-

couple species, sex, size, and operational state from background,

illumination, and view as much as possible, while reporting the

scene composition of training, validation, and test subsets.

Whether a detection result can enter an operational workflow

depends on whether its output granularity matches control require-

ments. Bounding boxes are suitable for rapid individual discovery,

instance masks express actionable boundaries, keypoints provide

size or posture references, and class labels express attributes. Mixing

these outputs can mismatch localization tasks and model tasks;

selecting output forms by equipment stage reduces information loss

during coordinate conversion and manual reinspection.

Object detection constitutes the core stage of vision-based

perception in intelligent crab harvesting systems. Among existing

deep-learning frameworks, two-stage detectors remain an impor-

tant technical route because they explicitly separate region proposal

generation from object classification and localization. The Faster R-

CNN architecture integrates feature extraction, region proposal

generation, region-of-interest pooling, object classification, and

bounding-box regression into a unified detection framework, pro-

viding the fundamental workflow for many subsequent develop-

ments in crustacean visual recognition systems.

Table 1 shows that crab visual-recognition studies have moved

beyond single bounding-box detection toward a multi-output

perception chain that includes segmentation, keypoints, grading

variables, molting states, and UAV-based monitoring. This evi-

dence supports the theme of this review: visual outputs become

useful for intelligent harvesting only when they are linked to

downstream sorting, measurement, guidance, or monitor-

ing requirements.

3.2.3 Robustness under complex illumination and
occlusion

Complex illumination and occlusion simultaneously alter target

color, local contrast, visible boundaries, and inter-frame continuity
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(Zhu et al., 2024; Luo et al., 2026; Sun C. et al., 2026). Technical

routes include image enhancement and dehazing, data augmenta-

tion, spatial feature fusion, cross-frame aggregation, and

post-detection identity association. These modules act on input

restoration, sample coverage, single-frame representation, and

temporal compensation, respectively, and cannot replace one an-

other. The robustness problem can be further contextualized by

studies on weak-signal detection, disease and bruise recognition,

canopy recognition, obstacle detection, all-day detection, and in-

stance segmentation under degraded visual conditions (Zhang Z.

et al., 2023; Ma et al., 2024; Zhou et al., 2024; Zhang Z. et al., 2025).

Studies on cross-frame mud crab detection, partially occluded

soft-shell crab recognition, crab seedling counting, low-light

dehazing, and illumination-adaptive intertidal behavior analysis

all treat illumination or occlusion as model-training and application

conditions (Zhang Z. et al., 2024; Aini et al., 2025; Yu et al., 2025; Li

X. et al., 2026). Robustness should be verified by separating

degradation types: water turbidity and low contrast, local occlusion,

overlapping individuals, moving blur, and lighting switching.

Random splits over mixed data can report overall performance,

whereas scene-level, species-level, and time-based splits are needed

to test whether a module restores image appearance, supplements

temporal information, or merely adapts to a particular data distri-

bution (Siripattanadilok and Siriborvornratanakul, 2024; Sun Y.

et al., 2024; Li et al., 2025; Tian et al., 2026).

In continuous operation, a correct single frame does not

guarantee a correct process. After a target reappears from occlusion,

the system must maintain identity; after enhancement of a
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low-quality frame, it must avoid false boundaries and false detec-

tions; after illumination switching, it must check for systematic

output shifts. Detection, tracking, and abnormal-frame review

should therefore be evaluated as one chain.

3.2.4 Lightweight detection and edge
deployment

The core of edge deployment is not simply shrinking a network.

It is maintaining perception outputs matched to operational rhythm

under camera, processor, storage, power, and communication

constraints. Lightweight routes in crab scenarios include model-

structure compression, backbone replacement, front-end image

enhancement, and task-scope reduction. Each affects the detectable

range and the treatment of abnormal targets.

Deploying these models aboard commercial fishing vessels

introduces severe hardware constraints absent in laboratory

workstations. Edge devices on sorting decks are strictly limited by

power availability, thermal management in corrosive environments,

and onboard memory. Achieving real-time inference under these

conditions requires deep algorithmic optimizations, such as param-

eter pruning, knowledge distillation, and precision quantization

(e.g., INT8 or FP16). The necessity of these lightweight adaptations

is fundamentally driven by the requirement to keep inference

latency strictly lower than the mechanical cycle time of the

processing conveyor.

Lightweight deployment studies on navigation, variable-rate

actuation, target-oriented detection, point-cloud perception, and
TABLE 1 Summary of representative visual recognition models for intelligent crab harvesting.

Task &
target
species

Algorithm/
architecture

Input
modality

Performance
metrics (mAP/
accuracy)

Inference
speed (FPS)/
latency

Environmental robustness &
trade-offs

Reference

Sex detection
(Chinese
mitten crab)

BLC-YOLOv8n
(Field deployment)
+ Image
Enhancement

Underwater
Carapace
images

mAP@0.50: 93.05%;
mAP@0.50:0.95: 74.92%

High (Optimized
for edge
deployment)

Robustness: Handles mild color
attenuation.
Trade-off: Highly dependent on
unobstructed ventral/dorsal visibility;
struggles with severe occlusion.

(Li X. et al.,
2026)

Underwater
detection
(Mud crab)

TMAE-YOLO;
TD-AFPN

Multi-frame
underwater
RGB

Improved accuracy in
self-built dataset (specific
metric not standardized)

Moderate (Latency
introduced by
enhancement
modules)

Robustness: Specifically designed to
compensate for high turbidity and cross-

frame dynamic occlusion.
Trade-off: Higher computational

overhead.

(Yu et al.,
2025)

Segmentation
& pose
(Piled blue
crabs)

CrabFormer (Lab
tank);
RGB-D Swin-T

RGB-D
images

Segmentation AP: 69.76;
Keypoint AR: 85.48

Low
(Computationally
heavy 3D
processing)

Robustness: Highly robust against severe
spatial overlap and dense piling by
utilizing depth data.
Trade-off: Slower inference, unsuitable for
high-speed dynamic conveyors.

(Ali et al.,
2026)

Phenotype &
weight
(Scylla
paramamosain)

YOLOv11-DYPF +
SVR

12
keypoints; 7
body
dimensions

SVR mean weight error:
4.90%

High

Robustness: High precision in controlled
lighting environments.
Trade-off: Vulnerable to irregular target
postures and carapace damage.

(Wu et al.,
2025)

Molting
recognition
(Soft-shell
crab)

YOLOF
(based on YOLOv5)

Shedding
crab images

shedding_crab AP:
+1.7%;
end unshell AP: +16.3%

28 FPS

Robustness: Effectively tracks distinct
morphometric changes.
Trade-off: Requires specific, unobstructed
viewing angles to detect shell separation.

(Zhang Z.
et al., 2024)

UAV-based
monitoring
(Hermit crab)

CRAB-YOLO +
Super-Resolution
(SRR)

Intertidal
UAV aerial
imagery

mAP improvement over
YOLOv5 (Edge GPU)s:
+5.4%

Moderate to High
Robustness: Capable of reconstructing
low-resolution targets from high altitudes
against complex intertidal backgrounds.

(Zhao et al.,
2025)
Performance values should not be directly compared across studies because datasets, tasks, evaluation protocols, target species, environmental conditions, and metrics differ.
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remote-sensing segmentation provide transferable evaluation di-

mensions for edge inference in crab-harvesting scenarios (Liu et al.,

2021; Lv et al., 2025; Xu et al., 2025; Ren et al., 2026). Real-time river

crab detection, feeding-platform monitoring, precocious crab rec-

ognition, residual-feed detection, critical-part detection, and low-

power fisheries video capture all treat model size and processing

speed as application constraints (Ji et al., 2023; Gu et al., 2024; Sun

Y. et al., 2026). Dehazing, channel compensation, and multi-scale

enhancement improve low-contrast input but increase front-end

latency. Lightweight backbones or detection heads reduce inference

burden but may weaken output stability for small, occluded, or

background-confused targets. Deployment evaluation must there-

fore connect input resolution, model size, inference speed, hardware

use, continuous operation, target density, and throughput (Hu H.

et al., 2023; Toé et al., 2023; Fang and Zhao, 2024).

Reliable lightweight systems require a branch for abnormal

inputs. When images are too dark, targets overlap, or communica-

tion fails, directly outputting a class allows errors to enter down-

stream control. Confidence, image quality, and target motion state

should trigger caching, repeated sampling, or manual verification.

Edge deployment thus serves both computing control and long-

term data governance.

To improve detection accuracy under complex backgrounds

and small-object scenarios, recent studies have incorporated light-

weight convolutional modules and attention mechanisms into the

YOLO architecture. By introducing additional detection heads

together with GSConv and Efficient Channel Attention (ECA)

modules, the network achieves enhanced feature extraction and

multi-scale representation while maintaining computational effi-

ciency. As illustrated in Figure 2, the CRAB-YOLO framework

provides an example of how architectural optimization can improve

the perception capability of UAV-based crab detection systems,

offering an effective reference for intelligent visual perception in

sustainable crab fisheries.

3.3 Individual identity, attribute
recognition, and quality assessment

3.3.1 Sex identification driven by abdominal
morphology

Abdominal sex identification mainly observes gonopores, ple-

opods, abdominal segment width, abdominal-plate contour, and

proportional relationships. Direct sexual characters are suitable for

clear and posture-controlled individuals; geometric parameters

support classification within the same species, developmental

stage, and view; deep-learning classifiers can learn integrated

morphological differences from ventral or dorsal images. If ventral

visibility, flipping state, and developmental stage are not distin-

guished, models may confuse view or maturity differences with

sex information.

Morphological studies of early developmental stages show that

sex differences emerge with ontogeny and that body-size variables

do not have constant discriminative value (Kajimoto et al., 2024; Jin

et al., 2025). Explainable classification of giant crabs and dorsal

morphology studies of horsehair crab indicate that dorsal carapace

variables or image features can supplement sex discrimination when
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the ventral surface is not visible (Ueki et al., 2023; Chen Y. et al.,

2025; Ebata et al., 2025). These results support organizing sex

identification as a sequence of posture assessment, visible-body-

region selection, and sex classification rather than as a universal

abdominal-size threshold.

In equipment applications, sex identification is usually a pre-

ceding variable for quality grading, size management, or manual

diversion. To maintain traceability, systems should store the body

region used for judgment, image quality, and individual stage, and

should treat low-confidence individuals as a separate state. This

prevents incorrect sex labels from contaminating later variables and

helps analyze errors across posture and developmental stages.

3.3.2 Quality grading by integrating shell color,
body size, and fatness

Integrating shell color, body size, and fatness means converting

appearance, geometric scale, and condition into traceable variables

for the same crab. Shell color depends on light source, camera

response, and carapace surface state; body size depends on posture

and scale calibration; fatness requires body-size and body-weight

relationships or defined condition factors. These variables have

different origins and cannot be treated as direct equivalents of

quality grade.

Analogous nondestructive quality-assessment studies show that

optical variables should be linked to calibrated quality indicators

rather than treated as direct quality labels (Shi et al., 2017; Huang

et al., 2019; Xu M. et al., 2023; Sun J. et al., 2024; Tian et al., 2025; Li

H. et al., 2026).

Comprehensive grading frameworks demonstrate that integrat-

ing multiple variables-such as sex, fatness, weight, and shell

color-yields a more robust quality assessment for river crabs than

single-feature analysis (Wang et al., 2023). Nevertheless, because

carapace morphology and size-weight relationships vary significantly

with origin, sex, and developmental stage (Kao et al., 2023; Aneesa

et al., 2025; Frazato et al., 2025; Jin et al., 2025; Peng et al., 2025a;

Wang Q. et al., 2025; Zhang W. et al., 2025), visual features alone

remain insufficient if decoupled from physical measurements. To

ensure operational reliability, quality models must strictly preserve

image-weighing pairing and validate body-size variables across dif-

ferent demographic and environmental factors. Furthermore, while

dorsal morphology and deep-learning sex recognition can enrich

individual attribute profiling, they act as supplementary indicators

and should not be treated as direct substitutes for actual fatness or

calibrated quality grades (Ueki et al., 2023; Ebata et al., 2025).

Fusion-model evaluation should include shell-color acquisition

conditions, size calibration, weighing ground truth, grade criteria,

and cross-population validation. If images and weights are not

obtained from the same individual, or if the training set mixes

regional morphology differences into grade labels, the model output

cannot be interpreted as individual quality status.

3.3.3 Potential of individual re-identification and
weight estimation

Individual re-identification, morphological measurement, and

weight estimation represent distinct hierarchical tasks in automated
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monitoring. While re-identification maintains identity continuity

across observations and morphological measurement extracts geo-

metric proportions, weight estimation strictly requires synchro-

nized physical weighing to establish numerical baselines.

Consequently, image records can only support individual-level

weight monitoring when both identity association and weighing

pairing are simultaneously maintained.

Recent advancements in re-identification demonstrate that

leveraging global and local carapace textures-such as through

pyramidal feature-fusion-can effectively maintain continuous iden-

tity association even when carapaces are incomplete (Zhang et al.,

2022). However, robust identity tracking does not inherently

translate to accurate weight prediction. Because crustacean mor-

phology fluctuates significantly with seasonal, environmental, and

developmental conditions (Ogburn et al., 2011), geometric visual
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cues are unreliable estimators of mass on their own. Therefore,

operational weight models must rigorously align visual inputs with

corresponding ground-truth weights under strictly controlled con-

ditions (species, stage, season, and posture), treating variables like

occlusion, molting, and carapace damage as explicit sources

of error.

The practical value of re-identification is also to prevent

repeated observations from inflating population indicators. If the

same crab appears in the field of view at multiple moments without

identity association, counts, body-size records, or quality changes

may be treated as multiple samples. Re-identification creates a basis

for de-duplication before linking records with weighing or tag-

ging data.

Crucially, the visual perception outputs discussed in this sec-

tion-ranging from bounding boxes to precise keypoints and
FIGURE 2

Architecture of the CRAB-YOLO network for UAV-based crab detection, adapted from Zhao et al. (2025). (a) Detailed architecture of the overall
network; (b) Structure of the ECA module; (c) Structure of the GSConv module.
frontiersin.org

https://doi.org/10.3389/fmars.2026.1977808
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Zhang et al. 10.3389/fmars.2026.1977808
tracking identities-are not analytical endpoints; they are functional

inputs for downstream physical execution. The ability to visually

extract these parameters remains purely academic unless these data

streams are seamlessly integrated with the physical gear capturing

the crabs (as explored in Section 4) and the robotic systems

processing them on deck (as discussed in Section 5).

Therefore, evaluating intelligent crab harvesting systems re-

quires shifting the paradigm from purely algorithmic metrics to

fisheries-aligned outcomes. High detection accuracy (e.g., mAP)

alone does not guarantee sustainable harvesting if the specific

operational and ecological downstream consequences are ignored.

Specifically, the translation of AI outputs into physical actions

carries distinct ecological risks:

1. Localization to Mechanical Damage: While bounding boxes

provide rough presence detection, imprecise keypoint or

mask segmentation can lead to incorrect robotic grasping

postures. In actual operations, this physical misalignment

frequently causes mechanical damage, such as limb loss,

which not only degrades the commercial value of the crab

but significantly reduces the post-release survival probability

of non-target bycatch.

2. Latency to Missed Ecological Opportunities: In dynamic

marine environments with constant fluid disturbances,

algorithmic processing delay is not merely a computational

metric; it is a physical constraint. A latency of even 500

milliseconds (low FPS) may mean an undersized crab has

drifted past an actively controlled escape vent, directly

resulting in unintended retention and undermining the

size-selectivity goal.

3. Tracking to Quota Management: Conversely, algorithmic

failures in Multi-Object Tracking (e.g., identity switches

caused by deck occlusions) do not just lower tracking

metrics; they physically lead to double-counting on the

processing conveyor. This directly distorts real-time catch

statistics, thereby undermining the macro-level stock assess-

ments and strict quota management policies essential for

sustainable fisheries.

Consequently, future AI models for marine harvesting must be

optimized and penalized not just for pixel-level errors, but for their

direct impact on bycatch mortality, gear execution delays, and stock

estimation accuracy.
4 Trapping behavior and intelligent
crab pot/trap design

4.1 Bait-searching behavior and entry
efficiency

Bait attraction is not equivalent to catch. It consists of chemical-

cue release, oriented movement, approach to the entrance, entry

through the opening, and later retention. Bait can alter alertness,
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grasping, and feeding, but entry in open water is also constrained by

tidal activity, gear location, entrance visibility, and escape struc-

tures. Bait evaluation should separately record behavioral stimula-

tion, number of approaches, and final retention.

Derby et al. showed that synthetic bait can stimulate blue crab

behavior in the laboratory while not necessarily matching natural

bait in field pot catch (Derby et al., 2024). Hewitt et al. showed that

giant mud crab foraging varies with tidal stage, indicating that

deployment period changes the proportion of individuals able to

respond to bait cues (Hewitt et al., 2023a). Entrance color, mesh

size, and soak time affect approach, escape opportunity, and

selectivity (Olsen et al., 2022; Yu et al., 2024a; Susanto et al.,

2025). Bait type itself should therefore be treated as an operational

variable rather than as a background condition (Liu et al., 2024; Vu

et al., 2025).

Bait assessment should distinguish release characteristics, be-

havioral response, and capture outcome. Release characteristics

determine the spatial-temporal range of chemical cues; behavioral

response describes whether individuals orient or approach; capture

outcome further includes entry and retention. Comparing only

hauled catch makes it difficult to determine whether a treatment

changes long-range attraction, near-field recognition, or in-

pot escape.

4.2 Relationships between light trapping
and bait trapping

Light sources primarily modify visual cues near the gear and

entrance, whereas bait creates chemical cues in the water. They may

act at different stages of capture. Their combined effect depends on

whether individuals have entered the light-influenced area, whether

the light changes entrance recognition or retention, and whether it

also changes the catch composition of target and associated species.

Nguyen et al. found that luminescent netting in snow crab pots

has soak-time-dependent effects, and that short-term and long-term

treatments do not necessarily produce the same catch differences

(Nguyen et al., 2019). Lee et al. compared red, green, and blue LEDs

in portunid trap fisheries and found relatively higher positive effects

of blue and green light on CPUE, although differences among

treatments and species responses were limited (Lee et al., 2026).

Naimullah et al. showed that unbaited LED traps for orange mud

crabs could not directly replace chemical attraction under the field

conditions tested (Naimullah et al., 2022a). Luminescent-material

evaluation should therefore record brightness decay, visible dis-

tance, source location relative to the entrance, and actual

soak period.

The efficacy of light trapping is highly conditional and should

not be viewed as a standalone replacement for traditional chemical

baiting. Field evaluations demonstrate that artificial illumination,

such as luminescent netting, exhibits strong soak-time-dependent

effects, meaning that short-term attraction does not necessarily

translate into long-term retention (Nguyen et al., 2019).

Furthermore, while specific wavelengths can yield marginally

higher Catch Per Unit Effort (CPUE) in certain trap fisheries, the

overall performance differences across spectral treatments and
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species responses often remain limited (Lee et al., 2026). Crucially,

unbaited light sources have proven insufficient to directly replace

the chemical cues required for successful capture under field

conditions (Naimullah et al., 2022a). Consequently, evaluating

luminescent materials requires treating brightness decay, visible

distance, source placement relative to the entrance, and actual soak

periods as critical operational variables.

Beyond initial attraction, the interpretation of color effects must

be parsed by specific behavioral stages-ranging from distant ap-

proach to the selection of illuminated structures and final capture.

Because different gears (e.g., gillnets, pots, and shelters) interact

with crabs at distinct behavioral stages, isolated spectral variables

are poor predictors of overall catchability. Synthesized evidence

across various gear configurations indicates that spectral conditions,

light intensity, placement, bait presence, gear type, and size com-

position must be evaluated as interconnected variables rather than

isolated treatments to accurately assess capture performance

(Kawamura et al., 2020; Naimullah et al., 2022a; Yu et al., 2023;

Lee et al., 2026).

The synergy between light and bait should be tested within the

same gear, soak time, and fishing ground by comparing empty

controls, light-only treatments, bait-only treatments, and combined

light-bait treatments. If combined treatments exceed the range

explainable by either single factor, synergy can be discussed;

otherwise, the result may reflect substitution, saturation, or failure

of adjacent capture stages to connect (Naimullah et al., 2022a;

Naimullah et al., 2022b; Yu et al., 2023; Becker et al., 2025; Cerbule

et al., 2025a). Synergy between light and bait should be tested as an

interaction effect in a factorial design rather than inferred only from

a higher combined catch.
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4.3 Pot structure and retention control

Pot structure regulates the guiding stage before entrance,

passage through the entrance, and retention or escape inside the

pot. Entrance color, passage boundary, mesh, and escape vents are

not independent parameters; together they determine whether

individuals approach, how they pass, and whether they leave

during soaking. Structural evaluation should connect terminal

catch with approach, entry, and escape events.

The structural layout in Figure 3 places the main pot-design

variables in the same visual frame. The entrance funnel, mesh size,

slit entrance, and escape gap correspond to the approach, passage,

retention, and escape stages discussed in this section, linking

geometric design with selectivity outcomes.

Entrance angle and passage shape should be assessed through

approach direction, entrance localization, passing posture, and

reasons for failed entry. Current abstract-level evidence mainly

supports entrance color, mesh, and bait response rather than

direct comparisons of entrance angle or passage shape. Future

experiments should compare entrance angle, passage length, and

opening direction within the same pot type and use approach, entry

attempts, successful entry, and leaving events as continuous indi-

cators (Hewitt et al., 2023a; Susanto et al., 2025).

Pot geometry inherently constrains the capture pathway by

dictating the internal activity space, netting boundaries, the route

from the entrance to the bait, and the strategic location of escape

structures. The physical dimensions of these structures, such as ring

size or vent shape, directly alter retention probabilities and shift size

selectivity curves, often interacting with species- or sex-specific

morphological differences (Olsen et al., 2022; Zhang, 2025).
FIGURE 3

Structural configuration of escape-gap crab pots for size-selective retention, adapted from Picoy-Gonzales et al. (2025).
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Furthermore, structural variables do not act in isolation; factors like

entrance color and mesh size jointly dictate the ultimate catch

composition (Susanto et al., 2025). Therefore, robust gear validation

must move beyond simple catch totals to report specific pot types,

entrance configurations, and precise escape-vent dimensions, ide-

ally utilizing video or marking techniques to track exactly where

geometric constraints act within the capture pathway.

Crucially, these physical constraints are modulated by soak

time, which dictates not only the duration of bait efficacy but also

the cumulative opportunities for target approach, entry, and even-

tual contact with escape structures. Prolonged soaking periods

significantly increase the probability that undersized individuals

will locate and successfully navigate escape openings, thereby

reducing unintended retention (Yu et al., 2024a). In fact, the

performance differences between various escape-vent geometries

and the influence of environmental variables often only manifest

over the full duration of a soak period (Naimullah et al., 2022b;

Anders et al., 2023; Hewitt et al., 2023b; Zhang J. et al., 2023;

Cerbule et al., 2024a; Zhang J. et al., 2024; Cerbule et al., 2026).

Consequently, optimizing soak time requires evaluating dynamic

shifts in catch composition and escapement rates rather than merely

assessing the total retained catch.

4.4 Escape-vent design and release of
undersized crabs

Escape vents create size selectivity through clear dimensions,

shape, stiffness, and installation position, but this geometric con-

straint becomes actual release only through approach, turning, and

passage. Evaluation should compare not only the reduction of

undersized crabs, but also the retention of legal-sized crabs, release

of associated species, and passage behavior of different body shapes.

The effectiveness of escape vents is not merely a function of

their static dimensions; rather, it is deeply intertwined with crab

morphology, behavior, and gear dynamics. Passage success depends

heavily on a crab’s orientation, size, and sex-specific body shape,

which can significantly alter retention thresholds even under

identical opening dimensions-such as the distinct male-female

retention gaps observed across standardized escape-ring sizes of

60.3 mm, 63.5 mm, and 66.7 mm, or specific rectangular vent height

configurations (Olsen et al., 2022; Zhang J. et al., 2024; Cerbule

et al., 2026). Furthermore, release opportunities are continuously

modulated by operational factors, including the internal navigation

paths within different pot types, bait depletion over prolonged

soaks, and the physical deformation of flexible materials such as

hinged gaps (Anders et al., 2023; Picoy-Gonzales et al., 2025).

A critical synthesis of these studies reveals a fundamental

ecological and operational trade-off in selective gear design: while

maximizing vent dimensions or mesh sizes facilitates the escape-

ment of sublegal crabs and bycatch, it inherently risks the unac-

ceptable loss of legal-sized target catches if not precisely calibrated.

Consequently, optimal escape-vent parameters cannot be general-

ized; they must be rigorously derived from species-specific target

size thresholds and empirically validated across sex and carapace-

width groups within the same pot type.

To manage this trade-off effectively, equipment evaluation must

standardize its reporting. Rigid structures require clear
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documentation of exact dimensions and installation positions,

whereas flexible components demand records of their opening

geometry following prolonged soaking. Ultimately, as illustrated

by the in-situ behavior in Figure 4, static vent geometry only

translates into actual selective release when a crab can successfully

orient, approach, and navigate the opening under dynamic field

conditions. Establishing this clear link between physical gear

parameters and behavioral escape processes is essential for inte-

grating selective capture with downstream automated processing

and resource conservation.

Figure 4 links escape-vent geometry with the behavioral passage

process. To extend that mechanism to pot-level design and ecolog-

ical performance, Table 2 compares representative factors affecting

crab-pot efficiency, selective release, bycatch control, and gear-

loss risk.

Table 2 indicates that intelligent crab-pot design should not

optimize catch efficiency as a single endpoint. Bait, light, entrance

color, mesh, escape openings, soak time, bycatch-reduction devices,

and gear-loss management act at different stages of the capture

pathway; therefore, future systems should integrate behavioral

observation, size-selective release, catch-composition assessment,

and post-deployment ecological-risk control.
FIGURE 4

Behavioral passage mechanism of swimming crabs through pot
escape vents, adapted from Zhang et al (Zhang J. et al., 2023).
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TABLE 2 Representative factors affecting crab-pot capture efficiency, size-selective release, bycatch control, and derelict-gear risk.

Factor Setting Variable Result Reference

Soak time +
escape

Swimming crab pots
Circular/rectangular openings;
2, 5, 7 days

Undersized-crab retention decreased as soak time
increased.
Selective contact after 7 days: >90%
Escape openings reduced bycatch capture.
Circular vs rectangular openings: no significant
selectivity difference.

(Yu et al., 2024a)

Escape vent
East China Sea swimming
crab pots

Rectangular; elliptic; circular
vents

Escape vents reduced sublegal crabs.
Sublegal threshold: <49 mm CL or <116 mm CW
Rectangular vents produced steeper selectivity curves.
First underwater observation period: 2.5 h

(Zhang J. et al., 2023)

Escape ring Texas blue crab pots 60.3, 63.5, 66.7 mm rings

CW50 increased with escape-ring size.
Male-female CW50 gap at 60.3 mm: 4.4 mm
Male-female CW50 gap at 63.5 mm: 5.0 mm
Male-female CW50 gap at 66.7 mm: 7.2 mm

(Olsen et al., 2022)

Entrance color +
mesh

Blue swimming crab pots
Yellow/dark-green/red
entrances; mesh size

Yellow entrances caught more crabs than dark-green or
red entrances.
Mesh size affected size selectivity.
Mesh size >75 mm released crabs with CW <100 mm.

(Susanto et al., 2025)

Bait type Swimming crab pots
Squid; trash fish+squid;
synthetic bait

Squid alone significantly increased crab catch.
Trash fish+squid also significantly increased crab catch.
Synthetic bait caught fewer blue crabs than menhaden
in the field test.

(Derby et al., 2024; Vu
et al., 2025)

Soak time +
bycatch

Taiwan Strait traps
2011–2016 logbook/VDR data;
soak time

Optimal target CPUE: 48 h
Crab-trap bycatch increased after 48 h.
Fish-trap bycatch was not affected by soak time.

(Naimullah et al., 2022b)

LED wavelength Portunidae traps Red, green, and blue LEDs

Positive CPUE effect: blue > green > red
Differences among LED colors were small.
Effects on catch rate and crab size were limited.
Species differences were not statistically significant.

(Lee et al., 2026)

Unbaited LED Scylla olivacea
Green/blue/white/red LEDs;
baits

Captivity test: green, blue, and white LEDs attracted
crabs.
Red LED showed no attraction relative to controls.
CPUE gain vs empty trap: green LED + 2.18%
CPUE gain vs empty trap: chicken head +4.52%
CPUE gain vs empty trap: mackerel +7.28%
Average CPUE: mackerel 0.66, chicken head 0.38, green
LED 0.13 per trap.

(Naimullah et al., 2022a)

Noctilucent pot Yellow Sea crab pots Control; stick; net; net+stick

10 min solar charge produced 6 h emission.
Net+stick catch efficiency: +63.84% vs control
Crab proportion in net+stick pots: 86.35%
Crab weight in net+stick pots: 61.5 g
Weight gain vs control: +38.30%
W50: net 53.01 g; net+stick 54.49 g

(Liu W. et al., 2025)

Bycatch device
Virginia tidal-creek blue
crab pots

Four BRDs; control

Terrapin CPUE differed among treatments: p=0.003
Control terrapin CPUE: 0.97 +/- 0.18
All BRDs significantly reduced terrapin capture.
Blue-crab CPUE did not differ among treatments:
p=0.392
Legal crab size did not differ: p=0.216

(Reinsel et al., 2023)

Gear loss Seribu Islands trap fishery Field survey; fisher interviews

Estimated lost traps: 64,272 per year
Share of traps lost: 18%
Replacement cost: USD 195,082
Main causes: gear conflict, buoy loss, theft, and
damage.

(Riyanto et al., 2025)
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5 Vision-guided handling, sorting, and
processing automation

5.1 Visual localization requirements in crab
processing automation

Once the selective gear configurations (discussed in Section 4)

successfully bring a curated catch to the surface, the operational

bottleneck immediately shifts to shipboard processing. Although

processing automation occurs post-capture, it serves as the critical

physical nexus where the visual perception outputs from Section 3

are actively converted into precise mechanical actions.

Although processing automation occurs after capture, it tests

whether visual outputs can be converted into physical actions,

which is also central to intelligent harvesting systems. Visual

localization in processing equipment must convert target position,

posture, key regions, and operational state in images into informa-

tion callable by mechanisms. Detection and counting only state

whether an object appears. Without conversion between camera

coordinates and operation coordinates, temporal target position,

and abnormal-state feedback, results cannot become grasping,

cutting, or sorting instructions.

Studies on intelligent production, robotic harvesting, hand-eye

coordination, and visual servo systems further show that recogni-

tion outputs must be converted into robot coordinates, picking

points, or actuator commands before they can support automation

(Wu and Gu, 2017; Xu Z. et al., 2023; Guan et al., 2024; Guan et al.,

2025; Tai et al., 2025; Chen Z. et al., 2026).

Sun Y. et al., 2026 integrated image enhancement, multi-object

detection of crabs and feed, environmental sensing, and informa-

tion processing in a river crab feeding-platform monitoring system.

This proves that object and environmental information can be

organized in one sensing system, but its output is monitoring and

counting rather than processing localization. Processing scenarios

require additional camera calibration, actionable-region definition,

localization-error reporting, and post-action verification.

Visual localization should distinguish detection coordinates

from execution coordinates. Image coordinates describe where a

target lies in the camera field; execution coordinates describe where

a tool can reach. Conversion requires camera intrinsic and extrinsic

parameters, the operation plane, and mechanism kinematics. If the

target moves between acquisition and execution, time compensa-

tion based on conveyor speed or mechanism state is required.

5.2 Visual localization and end-effector
guidance

Vision guidance aims to transform individual boundaries,

keypoints, posture, and scale information into actionable coordi-

nates. The perception layer expresses targets and local regions; the

geometric layer determines scale, direction, and relative position;

the execution layer forms gripper or cutting paths. If the three layers

are not linked by the same object and timestamp, visual-model

performance cannot be interpreted as operation performance.

Crab morphology segmentation and key-region localization are

fundamental for defining precise operational sites, such as the
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carapace, abdomen, and specific appendages. However, executing

these tasks in processing environments is severely complicated by

posture variations, appendage occlusions, and boundary disconti-

nuities caused by wet surface reflections. A critical bottleneck in

advancing automated processing is the absence of dedicated, large-

scale crab segmentation datasets. While current studies draw on

proxy evidence from crab-like robotic motion models to justify

dynamic region localization (Hu et al., 2025), the lack of standard-

ized benchmarks prevents the direct, rigorous comparison of

competing segmentation algorithms.

Beyond 2D boundary extraction, generating effective cutting or

grasping trajectories demands multi-dimensional inputs. Safe tool

approach directions require the integration of depth mapping, 3D

keypoints, and posture estimation, particularly when selecting

upper-layer targets from densely piled catches (Ali et al., 2026).

Concurrently, coarse-to-fine segmentation, real-time carapace mea-

surement, and the physiological screening of targets (e.g., identify-

ing molting states prior to handling) are essential for establishing

scale references and confirming the operational state before any

mechanical interaction occurs (Tang et al., 2020; Cao et al., 2021;

Toé et al., 2023; Chen K. et al., 2025).

Ultimately, bridging the gap between visual perception and

physical execution requires strict error management. Path genera-

tion algorithms must translate visual uncertainties directly into

physical safety boundaries. When keypoints or instance masks

fluctuate, end-effectors must not move rigidly along estimated

borders; instead, controllers must dynamically reserve avoidance

distances based on established error margins, target thickness, and

holding states. To prevent irreversible product damage, systems

must incorporate built-in fallback protocols-such as mechanical

repositioning, flipping, or diversion to manual review-whenever

targets present low visual confidence or severe occlusion.

5.3 Dynamic conveying, sorting, and
measurement control

Dynamic conveying requires distinguishing repeated appear-

ances of the same target from sequential passage of different targets

and pairing image records with size or weight information. Single-

frame detection answers whether a target exists; tracking answers

whether identity is continuous; weight estimation requires ground-

truth weighing for the same object.

Work on sorting systems, visual density estimation, grading,

behavior classification, and maturity quantification provides cross-

domain references for linking continuous visual records to identity

tracking and downstream decision chains (Chen et al., 2020; Pan

et al., 2023; Jiang et al., 2024; Peng et al., 2025c).

Towed-sledge video systems for snow crab estimate survey area

and population density from continuously moving observations

(Watanabe, 2002a; Watanabe, 2002b). As an analogy rather than

direct conveyor evidence, their experience shows that moving-

platform image records must be interpreted with track and cover-

age; however, these systems do not provide identity tracking or

weight estimation on a conveyor. Processing conveyors must

further record target speed, trajectory interruption, duplicate count-

ing, identity switches, image-measurement error, weighing error,

and sorting rhythm.
frontiersin.org

https://doi.org/10.3389/fmars.2026.1977808
https://www.frontiersin.org/journals/marine-science
https://www.frontiersin.org


Zhang et al. 10.3389/fmars.2026.1977808
Dynamic sorting organizes detection, tracking, size judgment,

and actuator action into a continuous control chain. Vision must

complete identity and attribute judgment before the target reaches

the execution zone; the controller must output the corresponding

action when the target arrives; and post-action verification must

confirm allocation. Counts, positions, and quality information must

be bound to the same trajectory to avoid repeated processing or

incorrect diversion.

Shipboard detection is constrained by deck-background varia-

tion, illumination fluctuation, occlusion, device computing power,

and continuous power supply. Iftikhar et al. used benchmark single-

stage detectors on crab and lobster fishery datasets to support

detector selection and input configuration (Iftikhar et al., 2024),

but shipboard systems still require records of detection timestamps,

deck position, target trajectories, and communication state to turn

single-frame recognition into real-time input for sorting

or measurement.

Multi-object tracking is essential for maintaining consistent

identity labels across continuous frames, particularly when mitigat-

ing dynamic occlusion, close physical contact, and short-term target

disappearance amidst debris. The integration of advanced object

detectors with robust tracking algorithms has proven effective for

dynamic counting and identity recovery following severe occlusion

events (Tian et al., 2026). However, sustaining continuous associ-

ation remains heavily contingent on raw image quality; environ-

mental factors such as dehazing efficiency, rapid contour

deformation, and the availability of high-quality frames critically

constrain tracking stability (Aguzzi et al., 2009; Lu et al., 2020).

Consequently, the evaluation of dynamic sorting systems must

extend beyond static detection accuracy to explicitly report metrics

on identity switches, track interruptions, re-identification rates,

arrival-time prediction accuracy, and protocols for handling ab-

normal objects, all synchronized seamlessly with mechanical actu-

ator responses.

Furthermore, coupling visual measurement with weight esti-

mation demands that image dimensions, target identities, and

physical weight data are strictly synchronized within the exact

same temporal chain. Because crustacean morphology fluctuates

significantly depending on the developmental stage and seasonal

variations (Ogburn et al., 2011), geometric visual dimensions are

fundamentally unreliable if interpreted independently of the sam-

pling period and biological state. To establish robust numerical

models, weight-estimation frameworks must synchronously acquire

calibrated images and ground-truth physical weights. Evaluation

metrics should subsequently stratify prediction errors across mul-

tiple biological and environmental axes, specifically documenting

variances caused by sex, size, seasonal shifts, posture irregularities,

and abnormal carapace states.

5.4 From single-machine automation to
system intelligence

The transition from single-machine automation to system

coordination fundamentally depends on traceable data links span-

ning perception, data fusion, decision-making, mechanical execu-

tion, and human interaction. A standalone recognition module
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cannot independently verify whether a mechanical action success-

fully engaged the intended target. Therefore, robust systems must

seamlessly bind target identity, environmental state, spatial mech-

anism coordinates, and control commands across a unified spati-

otemporal axis.

Advancements in multi-task learning, multimodal fusion, and

multi-sensor evaluation demonstrate that heterogeneous signals can

be effectively integrated provided the target variables and decision

pathways are explicitly defined (Zhu et al., 2020; Deng et al., 2023;

Elsherbiny et al., 2025; Huang et al., 2025). Recent foundational

work has successfully demonstrated isolated components of this

integration, such as pairing visual detection with environmental

sensors (Sun Y. et al., 2026), spatially aligning multi-modal under-

water imaging (Chang et al., 2022), and establishing responsive

human-machine interfaces to keep operators in the control loop

(Hui et al., 2024). However, a critical maturity gap remains: these

proof-of-concept systems do not yet encompass the full complexity

of shipboard crab harvesting or deck-processing workflows. To

bridge this gap, future engineering efforts must prioritize cross-

sensor calibration, stringent data synchronization, automated ab-

normal-event alarms, and seamless human-takeover protocols

during long-term continuous operation.

Ultimately, true system intelligence is not achieved merely by

adding more sensors; it is defined by the reliable exchange of

contextual information around a singular object and operational

event. Visual, acoustic, environmental, and kinematic data must

operate on a unified time base, ensuring that target identity remains

unbroken from the moment of perception to final execution. When

anomalies occur, this data must automatically feed back into the

decision loop to correct subsequent actions. Without this rigorous

spatiotemporal correspondence, interconnected modules will

remain functionally isolated parallel machines rather than an

intelligent, cohesive harvesting system.

Ultimately, a highly coordinated, intelligent shipboard sorting

system does more than simply replace manual labor; it functions as

a continuous, high-fidelity biological sampling station. The granular

data generated seamlessly across the automated conveyor belt-

comprising continuous species counts, precise sex ratios, and

paired weight-size dimensions-forms the exact foundational dataset

required for the macro-level resource monitoring, catchability

calibration, and ecological impact assessments discussed in

Section 6.
6 Resource monitoring, selective
harvesting, and impact assessment

6.1 Underwater video monitoring for crab
resource assessment

Translating visible individuals in underwater video into reliable

resource assessment indicators requires linking raw counts with

survey area, time, and detection probability. A raw video record

does not inherently equate to resource density. Recorded counts are

heavily biased by the camera’s field of view, platform trajectory,
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target posture, and dynamic water visibility. Therefore, accurately

interpreting these visual records demands robust community-scale

baseline references to account for broader ecological shifts, rather

than relying solely on isolated imagery (Yang et al., 2024).

To prevent ‘sustainability’ from becoming a hollow technolog-

ical claim, intelligent crab harvesting operations must ultimately be

evaluated against established, measurable ecological indicators.

Moving forward, technological success should not only be measured

by precision and speed, but must be explicitly correlated with

biological metrics. Key measurable indicators include:

1. Bycatch Reduction Rate (BRR): Quantifying the percentage

decrease in non-target species retention due to intelli-

gent selectivity.

2. Post-Release Mortality (PRM): Tracking the physical con-

dition and survival probability of discarded crabs following

robotic handling.

3. Size-Selection Parameters (e.g., L50): Using the length at

50% retention to statistically verify that the integration of AI

perception and escape vents effectively protects juve-

nile cohorts.

4. Benthic Footprint Reduction: Measuring the reduction in

bottom-contact duration (soak time) and the prevention of

ghost fishing through gear loss monitoring.

Furthermore, visual monitoring cannot be evaluated in a vacuum;

it must be cross-calibrated with physical survey tools, which carry

their own inherent biases. For example, telemetry data demonstrates

that a crab’s approach to a pot does not guarantee capture, as

retention is heavily constrained by initial distance and behavioral

responses (Becker et al., 2025), while comparative gear studies

highlight distinct size selectivities between traps and trawls

(Hanamseth et al., 2022). Because environmental states and opera-

tional conditions fundamentally alter both physical catch rates and

mobile imaging effectiveness (Hewitt et al., 2023b; Bodine et al.,

2026), underwater video surveys must rigorously document platform

tracks, camera height, field width, illumination, turbidity, and explicit

duplicate-counting rules to serve as reliable management-scale data.

Ultimately, the fundamental unit of a video survey must be a

spatially contextualized observation within a known range, rather

than a disembodied frame count. For static deployments, this

requires strict field-boundary definitions and protocols for identi-

fying repeated individuals; for mobile platforms, it necessitates

continuous logging of track, speed, altitude, and swept width. To

prevent visibility fluctuations from being misinterpreted as biolo-

gical scarcity, the probability of false negatives (missed targets) must

be dynamically quantified across varying substrates, turbidity levels,

and lighting conditions.

6.2 Catchability and calibration of survey
results

Catchability links true resource status with catch or survey

records and is jointly affected by environment, behavior, gear

structure, and fishing practice. The same resource density can

produce different terminal catches under different temperature,

hydrology, illumination, soak time, and gear conditions. Resource
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assessment must therefore record these variables together with

effort and survey position.

Water temperature, water flow, and light affect catchability by

changing individual activity, movement, and opportunity to approach

gear. They also change imaging and observation conditions. Hewitt

et al. showed that giant mud crab catch rates are related to water

temperature, river flow, wind speed, lunar phase, and soak time (Hewitt

et al., 2023b). Telemetry and behavior studies demonstrate temporal

and tidal constraints on approach to baited pots and foraging (Hewitt

et al., 2023a; Becker et al., 2025). Artificial-light studies further suggest

that light may alter behavior or merely observation conditions

(Naimullah et al., 2022a; Cerbule et al., 2025a; Lee et al., 2026).

Underwater video can decompose terminal catch into ap-

proach, entrance passage, escape, and retention, providing process

explanations for pot selectivity. Behavioral records of Japanese rock

crab toward collapsible baited pots, comparisons of Japanese mitten

crab pot and hand-net surveys, and trawl groundrope video of snow

crab all show that video can expose individuals that were not

captured and identify where escape occurred (Archdale et al.,

2003; Fujita et al., 2006; Kobayashi and Vazquez-Archdale, 2016).

Fixed underwater camera studies of crab-tile habitats also show that

remote video can reveal responses of mobile benthic animals during

tidal immersion (Sheehan et al., 2010).

Fishery data used in resource assessment reflect crab distribution

and catchability, but also fishers’ choices of area, time, bait, and gear. If

capture probability differs by sex, size, or region, the relationship between

catch per unit effort (CPUE) and true density changes. Skerritt et al.

demonstrated through continuous mark-recapture work on lobster that

sex-specific catchability can alter density estimates (Skerritt et al., 2023).

Studies of seasonal effort, environmental catch variation, mesh size,

entrance structure, and escape devices further show that operational

strategies alter spatial and temporal coverage of observation data

(Naimullah et al., 2022b; Olsen et al., 2022; Hewitt et al., 2023b; Yu

et al., 2024c; Greenberg and Mcallister, 2025; Susanto et al., 2025).

Fishing behavior is not simply the amount of effort. It includes

where vessels work, when pots are hauled, what gear is used, and

how recent information changes strategy. Wang et al. modeled the

Alaskan snow crab fishery and showed that vessels adjust fishing

areas according to abundance, distribution, weather risk, cost, and

information, and that spatial strategies differ among vessels (Wang

T. et al., 2024). Long-term studies of portunid catch variability and

governance comparisons in swimming crab fisheries also show that

environment, fisher behavior, monitoring institutions, and enforce-

ment structure shape data quality and management response

(Schilling et al., 2023; Macario et al., 2026).

6.3 Selective harvesting and resource
conservation

Selective harvesting reduces unintended impacts on undersized

individuals, associated species, and protected animals by adjusting

entry, retention, escape, and spatial-temporal operating conditions.

Its performance should not be evaluated only through target catch.

It should connect size composition, release process, derelict-gear

risk, and line-risk outcomes.

Escape-vent shape and height, soak time, mesh, and entrance

adjustment can change size selectivity and bycatch composition
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(Naimullah et al., 2022b; Madhu et al., 2023; Zhang J. et al., 2023;

Zhang J. et al., 2024; Cerbule et al., 2025b; Susanto et al., 2025;

Cerbule et al., 2026; Yu et al., 2026). Bycatch-reduction devices for

non-target animals, pot-structure studies, and derelict-pot risk

studies show that structural measures must be verified together

with target retention, non-target exclusion, and operating condi-

tions (Wilson et al., 2022; Cerbule et al., 2023; Moore et al., 2023;

Reinsel et al., 2023; Cerbule et al., 2024a). Environmental

catchability and effort changes also influence how conservation

measures perform across seasons and fishing grounds (Anders et al.,

2023; Hewitt et al., 2023a; Hewitt et al., 2023b).

The synergy of selective technologies should not be understood

as simple addition of devices. Entrance and stimulus parameters

affect which individuals approach and enter; escape vents and mesh

affect which are retained; soak time and location affect how long

these processes operate. If measures act on the same stage, marginal

effects may decline; if they act on consecutive stages, they may form

a more complete control chain for size and species composition.

6.4 Abandoned fishing gear and marine-
animal protection

Derelict crab pots and vertical lines create different risk path-

ways: ghost fishing focuses on continued capture and mortality

inside or around the pot, whereas vertical-line risk depends on

spatial overlap and encounter probability outside the pot. The

former requires evaluation of entry, death, escape, and material

failure; the latter requires evaluation of line distribution, marine-

animal movement space, and overlap with fishing effort. Pengsakun

et al. (2026) showed in studies of abandoned, lost, and discarded

fishing gear in the Gulf of Thailand that habitat damage, including

coral tissue necrosis, breakage, algal cover, and sediment accumu-

lation, should be considered in addition to ghost catch.

Derelict pots may continue to capture after baiting and hauling

cease. Their persistence depends on entry, escape opportunity,

whether dead individuals create further attraction cues, material
Frontiers in Marine Science 17
durability, and exposure time. Ghost-pot studies in swimming crab

and snow crab show that abandoned gear can retain target and

associated species and that self-baiting is not a fixed-strength

mechanism (Cerbule et al., 2023; Cerbule et al., 2024b; Yu et al.,

2024b). Studies on derelict pots, escapement, and retrieval opera-

tions further show that long-term risk depends on whether escape

channels remain functional after material aging (Antonelis et al.,

2023; Vodopia et al., 2024; Serrano et al., 2026).

Biodegradable escape devices are useful only if material failure

creates an unobstructed and appropriately sized passage that crabs

can actually use. Failure includes degradation that is too slow,

openings blocked by structure, doors that still require pushing, and

insufficient opening size. Retrieval records and escape-gap obser-

vations indicate that improvement should verify failure timing,

opening geometry after long soaking, biofouling, and actual escape

behavior rather than relying on material name or laboratory

degradation time (Antonelis et al., 2023; Vodopia et al., 2024;

Vodopia et al., 2025; Cerbule et al., 2026).

Vertical lines between pot buoys and pots can overlap with

marine-animal movement space. Risk depends on line number,

deployment position, line tension, and seasonal animal distribution.

Riekkola et al. (2023) showed through retrospective analysis of

Dungeness crab measures in Washington State that reducing gear

numbers changes the trade-off between whale risk and fishery

economics. Ehnert-Russo et al. showed that seasonal migration

can concentrate offshore blue crab pot effort in specific Florida

areas, so risk assessment must first understand the spatial distribu-

tion of effort (Ehnert-Russo et al., 2022).

Welch et al. showed that dynamic management can reduce

vertical-line risk, but the size of planning units changes the spatial

trade-off between risk avoidance and fishing activity (Welch et al.,

2024). Peck et al. provided direct engineering observations by

measuring rope tension during snow crab hauling (Peck et al.,

2024), while protected-shark bycatch and derelict-gear retrieval

records show that conservation measures should be evaluated

with gear configuration and recovery management (Pillans et al.,
TABLE 3 Consolidation of current research gaps and proposed technological solutions in intelligent crab harvesting.

Operational
domain

Identified research gaps (current limitations) Proposed solutions & future directions

1. Visual Perception
& AI

Fragmented datasets: Lack of large-scale, standardized public underwater
image datasets.
Insufficient metadata: Datasets often lack critical environmental tags (e.g.,
turbidity, lighting).
Computational limits: Heavy models struggle with low-power edge
deployment on ships.

Establish open-source, multi-species benchmark datasets with
standardized metadata protocols.
Develop lightweight edge-computing models (e.g., via pruning
or knowledge distillation) suited for vessel deployment.

2. Selective Catch
Operations

Limited field trials: Over-reliance on controlled laboratory/tank tests rather
than in-situ marine validation.
Passive gear bias: Current escape vents are static and dimension-fixed, lacking
dynamic adaptability to diverse bycatch profiles.

Execute long-term, commercial-scale field trials under variable
marine conditions.
Design active-sorting gear mechanisms driven by real-time
sensor feedback.

3. Deck Processing
Automation

Mechanical damage risks: Rigid robotic end-effectors increase post-release
mortality for non-target species.
Tracking instability: Severe occlusions on deck conveyors lead to identity
switches in multi-object tracking.

Integrate soft robotics and multi-modal sensory feedback
(tactile + visual) for zero-harm handling.
Develop robust 3D tracking algorithms optimized for dense,
overlapping biological targets.

4. Macro-Level
Resource Monitoring

Lack of ecological validation: Algorithmic metrics are rarely translated into
quantifiable ecological parameters (e.g., BRR, L50).
Economic barriers: Insufficient Life-Cycle Assessments (LCA) and socio-
economic cost-benefit analyses for small-scale fisheries.

Bridge data streams directly to quota management systems.
Conduct comprehensive socio-economic feasibility studies and
LCAs to support technology adoption policies.
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2022; Vodopia et al., 2025). Ropeless or reduced-line approaches

must also preserve reliable localization and retrieval to avoid

creating new derelict-gear risks.
7 Conclusions

While significant individual technological advancements have

been made, the transition to fully integrated intelligent crab

harvesting is hindered by several systemic limitations. To avoid

redundant descriptions and provide a clear roadmap for researchers

and industry stakeholders, Table 3 systematically consolidates the

primary research gaps identified across the four operational do-

mains of this review, alongside their proposed solutions.

To transition from conceptual frameworks to real-world

impact, future research must move beyond generic objectives and

adopt a structured, time-phased roadmap. Addressing these multi-

faceted challenges requires a clear timeline across short-, medium-,

and long-term milestones:

1. Short-Term Goals (1–3 Years): Research must prioritize

data governance and standardization. This involves estab-

lishing open-source, multi-species underwater image

datasets that incorporate rigorous metadata (turbidity, illu-

mination, and camera geometry) to overcome current data

fragmentation and enable fair algorithmic benchmarking.

2. Medium-Term Goals (3–5 Years): Efforts should center on

multimodal sensor integration and robust edge deployment.

Integrating machine vision with acoustic tracking or tactile

sensors will help compensate for visual limitations in turbid

marine environments. Concurrently, lightweight model op-

timization must achieve real-time inference under the severe

hardware and power constraints of commercial fish-

ing vessels.

3. Long-Term Goals (5–10 Years): The focus must shift toward

full system-level integration and socio-economic validation.

This includes executing long-term field trials that link

perception outputs directly to selective gear performance

and resource dynamics, incorporating life-cycle assessments

(LCAs) for biodegradable gear, and identifying and mitigat-

ing the socio-economic and financial barriers that hinder the

adoption of intelligent harvesting technologies in small-

scale fisheries.

Ultimately, the future of sustainable marine fisheries depends

on bridging the gap between computational intelligence and eco-

logical reality. By transitioning from highly controlled laboratory

concepts to rigorous in-situ multi-modal integrations, and by

strictly aligning AI performance with measurable resource-conserv-

ing indicators (such as bycatch reduction and post-release survival),

intelligent harvesting technologies can profoundly transform crab

fisheries from exhaustive resource extraction into dynamic, ecolog-

ically conscious management systems.
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