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Abstract

Data annotation is a cognitively rich process shaped by
perception, judgment, and variability. However, it is tra-
ditionally viewed as a mechanical and time-consuming task
for humans, and is therefore often automated or outsourced.
This paper considers annotation as a Human-Centric cog-
nitive process and proposes a generic framework in which
annotation supports humans in interpreting complex mul-
timodal data and operational information. Through a tax-
onomy of human-in-the-loop semi-automatic pipelines, we
show how Al-generated annotations can interact with hu-
mans. We apply this framework to a naval defense use case,
specifically maritime surveillance activity. In this high-
stakes environment, where operators must process contin-
uous and heterogeneous information streams, annotation
acts as a cognitive aid. It can ultimately become a decision-
support tool that reduces cognitive load and preserves sit-
uational awareness, rather than remaining a simple data-
labeling mechanism.

Keywords

Multi-modal data, Annotation, Data-Centric Artificial In-
telligence, Human-Centric design, Human-In-The-Loop,
Decision support.

1 Introduction

From finance to healthcare, from logistics to advertising,
the modern world is awash in data, fueling the rapid ad-
vancement and integration of artificial intelligence (Al)
across nearly every sector [ 5]. In this data saturated world,
annotation is a foundational step in any machine learn-
ing pipeline, but from a cognitive ergonomics perspective
it could also be seen as a form of cognitive externaliza-
tion processes and serve as an efficient tool to help hu-
mans when dealing with complex and heterogeneous in-
formation [, 2”]. While often reduced to a mechanical
labeling task, annotation is in reality shaped by human per-
ception, judgment, and variability. In a Data-Centric Al
paradigm [70], the quality of annotated data directly con-

ditions its usage, making annotation an essential lever for
system reliability. However, the human dimension of this
process remains largely overlooked: who annotates, how,
and under what cognitive conditions, are questions rarely
addressed in the literature. Furthermore, as Al systems are
increasingly deployed in operational settings, the boundary
between annotation as a machine learning training step and
annotation as a real-time decision-support tool becomes in-
creasingly blurred. This raises a fundamental question: can
annotation be reframed as a cognitive aid for humans con-
fronted with complex, multi-modal, and ambiguous infor-
mation, instead of merely as a resource for machine learn-
ing?
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Designed as a cognitive aid, data annotation requires to be
implemented within a comprehensive, dynamic, and itera-
tive improvement process, in which contextual nuances are
swiftly captured. Regarding data annotation pipelines, cur-
rently two main paradigms prevail in Al: Model-Centric
versus Data-Centric (Fig. 1). The Model-Centric one as-
sumes that annotation is secondary, annotated data are
available, data quality is taken for granted, and prioritizes
algorithmic improvements through training techniques or
architecture design. The Data-Centric paradigm shifts the
focus to the quality, structure, and relevance of the data it-



self as the primary lever for enhancing model performance,
to refine predictions by improving the model input [0].
Once a pipeline is trained and tuned with either paradigm,
it is frozen and used for inference on new data (Fig. 2).
This leads to the operator being a passive component of
the pipeline. However, some critical sectors like defense,
healthcare, or finance, cannot entirely remove humans from
the decision process. For instance, in the defense domain,
military operations increasingly rely on vast networks of
sensors, technologies, and Al-based systems. Yet paradoxi-
cally, while defense operators are flooded with sensors data,
they are often reluctant to share authority with autonomous
or semi-autonomous decision-making systems. This ten-
sion raises a critical question: In high-stakes environments
where human oversight is essential and data are over-
whelming, what role can annotation play?
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Hence, in this paper, we draw inspiration from the
Data-Centric approach integrated with a Human-Centric
paradigm, emphasizing the foundational yet often underval-
ued task of data annotation that precedes model training.

Our work proposes a Human-Centered approach (Fig. 3)
where annotation serves as a decision-support mechanism
for humans, who remain central system components in the
interpretation of complex multi-modal data and informa-
tion. The proposed methodology is illustrated through a
naval defense use-case in Section 4. More specifically it
is applied to the activity of maritime surveillance deployed
in semaphore stations and frigates. Rather than emphasiz-
ing system implementation, this paper adopts a conceptual
perspective and investigates the interaction between human
operators and an annotation framework, laying the ground-
work for future instantiations and operational deployment.
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Figure 3: Position of the operator within a Human-Centered
annotation paradigm

The article is organized as follows: Section 2 introduces a
taxonomy of human-in-the-loop pipelines. The concept of
data annotation, its use in the literature, and how it could
be framed as a tool in a Human-Centered paradigm are pre-
sented in Section 3. The resulting concept is applied to the
defense domain in Section 4, focusing on naval operators
and instantiates the proposed multi-modal data annotation

framework. Main resulting insights are discussed in sec-
tion 5. Conclusions and perspectives are outlined in Sec-
tion 6.

2 Human-in-the-loop for annotation

Annotation materializes the results from a succession of de-
cisions and choices, aimed at summarizing insights on hu-
man perception at a given time, in order to train machine
learning models [/5]. Annotation can be fully manual,
as with Amazon mechanical Turks [5] or crowd-sourcing
[I1,27]. It can also be automatic, leveraging Al mod-
els trained on already annotated data [!9, 37]. Finally,
semi automatic ones combine human and Al to accom-
plish annotation [*:]. Our framework moves away from
a Model-Centric paradigm in which humans passively an-
notate datasets for machine learning. Instead, it promotes
collaboration between humans and Al, where annotation
becomes a tool to support human understanding. This ap-
proach aligns with hybrid intelligence research, which em-
phasizes the complementary roles of humans and Al in
complex decision-making environments [ | ()].

This section introduces the typology of Human-In-The-
Loop (HITL) strategies for semi-automatic data annota-
tion [43]. The goal is to understand how human and Al
can interact, collaborate, and annotate together, and there-
fore, allow choosing the best HITL strategies for each use
case and operator. Interactions between humans and several
Al agents have not been previously studied in this particu-
lar context. We respectively describe as “Human” a given
set of human operators and as “Al” a given set of models,
within a simplified annotation process. We subdivide these
strategies into five main types described below. Each one is
illustrated by a schematic diagram. The legend of symbols
is shown in Table 1.

Table 1: Legend and Symbols for annotation schemes
Legend Description

H Human
Al Artificial Intelligence
AA First and intermediate annotations
F Final annotation
Symbols

<> Annotation

@ Raw data

] Annotation agent @ Fusion component

2.1 Edge-Case

This pipeline is similar to a fully automatic one; the Al
model processes the entire dataset, and the human acts as a
judge. Instances where the model’s confidence falls below
a predefined threshold are flagged for review. A human an-
notator then inspects and corrects these edge-cases, which
often lie near the model’s decision boundary. This approach
reduces cognitive load by filtering out trivial cases and con-
centrates human effort on the most uncertain or ambiguous



instances [~/,”2Y]. However, Al model’s errors in trivial ex-
amples might remain undetected [ '], introducing biases in
the annotated dataset (Fig. 4).
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Figure 4: Block diagram of a semi-automatic edge-case
pipeline (the human checks only automatic annotations that
were flagged; automatic and human annotations are then
fused)
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2.2 Suggestion

The suggestion pipeline is conceptually closer to the man-
ual approach; humans remain the primary annotators, while
the Al can be summoned to suggest an annotation of a given
instance. Operators can accept, modify, or reject these sug-
gestions based on their judgment. This setup preserves hu-
man oversight and mitigates over-reliance on the model,
leveraging Al assistance to ameliorate efficiency and con-
sistency (Fig. 5).
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Figure 5: Block diagram of a semi-automatic suggestion
pipeline (the final annotation is human - based on Al sug-
gestions)

2.3 Iterative

In the iterative refinement pipeline, annotation is performed
through alternating passes between the Al model and the
human annotator. After each iteration, the model can be
updated based on corrections provided by the human (ac-
tive learning or reinforcement learning) [2¢] [23] [Z |]. This
process continues until a predefined quality threshold is met
[24]. The approach maintains expert involvement through-
out the annotation, introducing the risk of human over-
reliance on the model’s suggestions, potentially limiting
critical review (Fig. 6).
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Figure 6: Block diagram of a semi-automatic iterative re-
finement pipeline (the final annotation is the result of a suc-
cession of human and Al annotations)

2.4 Few-shot

In this setting, a small part of the data is firstly annotated
by humans, usually experts. These examples are then used
to fine-tune or prompt in a few-shot setting to the model,
which subsequently annotates the remaining data automat-
ically. Additional human annotations may be requested if
the model outputs fail to meet predefined quality thresholds.
While this approach significantly reduces manual annota-
tion efforts [ 15, 0], it remains susceptible to model severe
inconsistencies and propagation of errors (Fig. 7).
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Figure 7: Block diagram of a semi-automatic few-shot
pipeline (human annotations are used to automatically gen-
erate the final annotation)

2.5 Challenger

In the challenger pipeline, human and AI annotations are
independently generated and compared to obtain the final
annotation. Discrepancies trigger a dispute-resolution step,
which may involve human review or additional decision
logic. This design aims to mitigate human over-reliance
on Al requiring the annotator to engage continually with
each instance, while still benefiting from automated error
detection and redundancy (Fig. 8).

Figure 8: Block diagram of a semi-automatic challenger
pipeline (human and Al annotate in parallel - the annota-
tions are then fused)

3 Annotation properties and process

Annotation can be defined as a process through which hu-
mans add context, dimension, or information to existing
data [ ©]. This section explores both its fundamental prop-
erties and the cognitive processes to derive annotations
from raw data. On this basis, we introduce a generic frame-
work in which annotation serves as a cognitive aid to sup-
port human interpretation and decision-making.

3.1 Fundamental properties

Annotation takes many forms depending of the context and
goal, ranging from graphical to written representations. Ini-
tially formalized in textual contexts as “a note added to a
text” [ 7], nowadays, annotation is everywhere in our dai-
lylife:



» Shopping mall, a red dot “you are here” on a map or
a colored arrow on a floor are graphical ones.

* Television, subtitles translating a movie or the crawl-
ing ticker during the news are written ones.

* Restaurant, reviews from previous customers or the
number of stars they have assigned are both.

Varying from informal notes to formally structured labels,
annotation is used to enrich data by adding contextual,
structural, or semantic information, thus facilitating its un-
derstanding [!0]. Annotation is intended for someone or
something, a user or an Al model. Informal annotations
can support human interpretation when exploring new data
sources [15], whereas formal annotations typically con-
sist of normalized labels that encode well-defined concepts.
We identify four primary types of data that can be anno-
tated: textual, visual, numerical, and acoustic, represent-
ing fundamental modalities to which any real-world data
can be reduced.

3.1.1 Constructed from human perception

Annotation is based on how humans perceive input data.
In this regard Gestalt principles and Cognitive Vision The-
ory (CVT) provide complementary perspectives on how hu-
mans perceive visual inputs. Gestalt principles explain how
the human visual system organizes elements into coherent
structures based on proximity, similarity, continuity, clo-
sure, and common fate [*0]. CVT formalizes the layer
of interpretation through which humans process and un-
derstand information [20] [“4]. In spite of being initially
formulated for visual stimuli, such concepts could transfer
across various types of data [2].

Indeed, during annotation, humans establish a semantic in-
terpretation of a situation that involves three levels [“]:

* Low level, corresponds to the perception of raw sen-
sory features.

* Mid level, involves structural analysis and logical in-
ference.

e High level, integrates abstract reasoning and prior
knowledge.

Interpretation levels influence the cognitive effort during
annotation. Specifically, high-level reasoning is typically
an active, attention-demanding process [”], whereas low-
and mid-level perception often occur unconsciously, gov-
erned by innate perceptual mechanisms [/]. In operational
environments such as maritime surveillance, operators must
rapidly shift between these levels to integrate heteroge-
neous signals and maintain a dynamic representation of the
situation, reflecting situation awareness mechanisms that
support perception, comprehension, and projection in com-
plex, evolving environments [ ! 5,4 ”]. Understanding these
perceptual mechanisms provides a foundation for design-
ing annotation tools and workflows that optimize cognitive
load, allowing operators to focus on high-value tasks.

3.1.2 Abstraction levels

According to examined works, we propose a classifica-
tion of annotations into four hierarchical layers, each corre-
sponding to a different level of abstraction:

1. Surface layer, refers to annotations based on raw,
low-level features of the data. It is rarely treated as
a distinct annotation layer in the literature [ |].

2. Structural layer, captures the internal organization
and structure of the data. Through global features, it
identifies units and their spatial or temporal arrange-
ment, often without interpreting their semantic con-

tent [20] [2V].

3. Semantic layer, encodes standardized and widely un-
derstood meanings using shared conceptual frame-
works. These annotations, based on common con-
cepts, aim for consistency across systems and anno-
tators [ 1,20, 25].

4. Interpretative layer, represents subjective, high-level
data interpretations, involving emotional, social, or
contextual judgment. This annotation layer is some-
what recent, and unfolded initially from sentiment and
social science fields, where human perception and af-
fective response play a central role [ 5].

3.2 Annotation as, a human process

The role humans play in the annotation process is an es-
sential topic rarely discussed, which could help broaden Al
capabilities by grasping how human intelligence works in
this particular case [0].

3.2.1 Human strategies

The cognitive process deployed by humans to realize man-
ual annotations is called a strategy. It represents the user’s
plan of action, formed by chains of tactics and moves. An-
notation tactics are the steps, actions, and choices deployed
by humans to move forward in order to carry out an an-
notation. Tactics are formed by annotation moves that are
basic actions of thought performed by the annotator (zoom-
in, zoom-out, compare, measure, define, etc.) [¢]. An an-
notation strategy might include, for instance, a fine-tuning
tactic, where the operator refines or adjusts an annotation to
achieve greater accuracy afterward [”].

Considering these strategies when designing annotation
tools might be useful to encourage or avoid certain tactics.
Although, even if strategies vary between annotators, trends
emerge. For instance, individuals are likely to prefer start-
ing with less accurate tactics involving perception, rather
than cognitively demanding ones. Also, individuals apply-
ing less accurate methods tend to be willing to continue re-
fining their work [, 24].

3.2.2 Human biases

Humans are inherently sensitive to cognitive, perceptual,
and emotional biases, which can affect annotation qual-
ity and may be exacerbated under conditions of cognitive



________________

I, - Interpretative
a
_________________________ , Human
Inspired

— Decision
— Label

"RAW DATA \ !

! : > @ AT ; & OPERATOR
| . i Annotation , | J - Ju.dgment

! Textual | i oo —_— < s > — Bias

! ] ! o &y ! Human In — Perception
: / | " (Annotation Level | The Loop

! I I 1

. @ ' ' | = Surface Annotation Type| ! strategy

: \ /1 |-Strucmre ~ Graphical : OUTPUT

E i /! E — Semantic — Written E S

1 : 1 §

i 1 ! 1

i : b |

— Interpretation

Figure 9: Proposed generic Human-Centered annotation framework for multi-modal data

overload [?%]. Some biases, such as distrust or overconfi-
dence, arise from the nature of the task itself, while others
emerge from the structure and sequencing of the annotation
process. Similar to surveys, annotation campaigns involve
repeated human judgments under controlled conditions; in
such settings, the order in which tasks are presented can
induce contrast and assimilation effects [].

The data being annotated can also generate variability in
perception among annotators, potentially leading to confu-
sion between certain labels [0]. This challenge is amplified
by the heterogeneous and multi-modal nature of datasets,
which often combine simple instances with complex ones
of different modalities. Consequently, the difficulty of an-
notation can fluctuate dramatically, ranging from trivial to
expert-level depending on the label schema. To mitigate
such issues, adaptive labeling interfaces that dynamically
adjust to the annotator’s perceived task difficulty have been
proposed [/].

How annotators perceive information is shaped by their
prior experience and domain knowledge [/ |]. Individual’s
bias, expertise, or fatigue can influence the labels they as-
sign [7, V], with potential consequences for downstream
model performance. Annotation is therefore not a purely
technical task but a cognitively rich process shaped by per-
ception, judgment, and variability.

By integrating all these components, we propose a generic
Human-Centered annotation framework (Fig. 9), that can
be tailored to specific use cases depending on the avail-
able data and the desired human-in-the-loop (HITL) con-
figuration, as illustrated in Section 4 for a defense applica-
tion. Especially suited for multi-modal data, this flexible
framework searches to strengthen human decision-making,
interpretation, and labeling capabilities. Based on contex-
tual information an Al agent generates an annotation strat-
egy designed to reflect human reasoning processes. The
resulting annotation can thus become a cognitive artifact
supporting operators’ sense-making processes in complex
environments, helping them externalize intermediate inter-
pretations and stabilize evolving hypotheses during deci-
sion making [10,77].

4 Application to a defense use case

Leveraging annotation not merely as a technical aid but
as a cognitive support for humans remains largely un-
explored both in hybrid-intelligence literature and in de-
fense contexts where it may play a key role in supporting
human decision-making in complex operational environ-
ments. This insight was reinforced by field observations
conducted to model maritime surveillance activities. The
pipeline of the current activity, presented in Fig. 10, is the
result of a series of in situ observations and semi-structured
interviews realized with a frigate crew and ten operators
across four semaphores.

4.1 Multiplication of signals
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Figure 10: Current naval surveillance pipeline - the naval
operator deploys cognitive processes to identify objects
from all the collected information (AIS - Automatic Iden-
tification System; ADS-B - Automatic Dependent Surveillance-
Broadcast)

A key element from field observations is that defense oper-
ators face a continuous flow of data from multiple sources;
often incomplete, sometimes noisy, and frequently asyn-
chronous [/”]. In recent decades, the proliferation of sen-
sors has led to an increase of data sources, resulting in sig-
nificant cognitive burden for operators [ !]. As presented
in Fig 10, a naval operator may have to combine abruptly



radar detection, perform visual confirmations, monitor and
engage in radio communication, coordinate with other ser-
vices, and annotate observations, for each detected track in
an observation-identification-transmission loop.

4.2 Ambiguity of signals

Naval operators constantly collect information and corre-
late fragmented signals. When data are incomplete, opera-
tors must anticipate developments and complete gaps using
their expertise and knowledge. Furthermore, they are re-
quired to prioritize relevant tracks and signals, focusing on
the most critical ones, to make decisions in real time, often
under significant operational pressure.

In this context, information can be partial or ambiguous,
which ergonomics literature refers to as situations of struc-
tural uncertainty [/©]. Unlike purely procedural tasks,
where each action logically follows from a clear signal [3°],
field observations have shown that maritime surveillance re-
quires naval operators to interpret incomplete, unconfirmed,
or contradictory signals, while remaining responsible for
the potential consequences of their decisions, thus prevent-
ing the use of a rigid autonomous system.

Therefore, behind the seemingly simple task of identifica-
tion, lie countless invisible actions that add up and might
lead to a cognitive overload: collect, correlate, anticipate,
complete, prioritize, and make a decision.

4.3 Human-Centric annotation

Consequently the Human-Centric annotation framework
seems particularly suited to this defense context. The
goal of annotation is not to replace human intervention but
to enhance operators’ work capacity, senses, and percep-
tion, with a purpose beyond merely recording events in a
database. It must be a projection of the operator’s cog-
nitive processes, involving the selective identification of
salient cues, the interpretation of signals based on task-
related knowledge, and the intentional omission of ele-
ments deemed routine or unremarkable.

The Human-Centric annotation framework previously de-
fined in Fig. 9, will be implemented alongside existing ob-
servation tasks described in Fig. 10, resulting in the dy-
namic collaboration presented in Fig. 11. In this setting,
the naval operator can actively choose to use raw data, an-
notated ones, or a mixture of both to construct a decision.
Consequently, the operator is active, and is not constrained
by a decision from an automatic system. According to field
observations, naval operators tend to reject imposed pre-
dictions from automatic systems they cannot control. Our
Human-Centric annotation framework lets the operator take
the final decision and stay in control. The annotation strat-
egy is automatically constructed based on operationnal ob-
jective and context. Then each form of data can be anno-
tated, radio communications would be classified and anno-
tated as acoustic data, whereas AIS transmissions would be
annotated as numerical data. Table 2 presents an analysis
of possible annotations and demonstrates the application of
the proposed annotation framework to the naval defense use
case.
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Figure 11: Proposed naval surveillance pipeline enhanced
with an annotation module for each data type (textual, nu-
merical, visual, and acoustic); the operator can use either
annotations or collected information to identify objects

5 Implications and Future Directions

This section summarizes our reflections on enhancing hu-
man performance within a Human-Centric framework. An
automatic system disconnected from a human operator can
lead to overconfidence biases, where humans can reduce
their involvement in an active analysis [!]. This phe-
nomenon is amplified when automated interfaces leave little
room for human interpretation or require scarce attention
outside of critical alerts. A HITL strategy with an active
engagement loop is crucial to mitigate human biases, either
overconfidence or distrust, and avoid autopilot effect [ | /].
Additionally, gradual removal of responsibility leads to a
significant decline in situational awareness, i.e., the abil-
ity to perceive, understand, and anticipate the dynamics of
a changing environment [!<]. This loss is precisely what
needs to be avoided in the context of defense. An annota-
tion framework where the operator is not directly providing
an answer, but receives enhanced information, can be seen
as a way to force human cognition [*], reducing overconfi-
dence and distrust.

Based on observations of how maritime semaphore station
and frigate operators annotate data, the Suggestion, Iter-
ative, and Challenger HITL pipelines appear particularly
well adapted as they preserve full human involvement.

5.1 Reframing Annotation as a Human-
Centric Task

Throughout this study, the importance of human involve-
ment in the annotation process has been repeatedly corrob-
orated. Annotation is an intrinsically Human-Centric task,
even though it is often perceived as a mechanical or aux-



Table 2: Analysis of possible annotations across modalities for naval surveillance data

Layer Task Name [Annotation type] - Task Description
Textual (Documentation - Intelligence)
Surface Highlighting [Graphical] Visually emphasize specific spans of a text.
Surface Part-of-Speech Tagging [Written] Assign part-of-speech tag (e.g., NOUN, VERB) to each token.
Surface Lemmatization [Written] Reduce inflected forms to their base form (lemmas).
Structural Paragraph Extraction [Graphical] 1dentify and extract text segments relevant to a query.
Semantic Named Entity Recognition [Written] Identify and label spans corresponding to entities.
Semantic Topic Tagging [Written] Assign one or more topic labels indicating thematic content.
Interpretative ~ Sentiment Analysis [Written] Classify sentiment expressed in a sentence or document.
Interpretative  Relation Extraction [Written] Identify and label semantic relationships between entities.
Interpretative ~ Summarization [Written] Produce a condensed representation while preserving essential information.
Interpretative ~ Schema Generation [Graphical] Transform structured or semi-structured text into an ordered representation
(e.g., table, concept map).
Visual (Camera)
Structural Bounding Box [Graphical] Delimit regions of interest in an image using rectangles.
Structural Segmentation Mask [Graphical] Assign a class label to each pixel for fine-grained object delineation.
Structural Object Tracking [Graphical] (Video) Assign identifiers to objects across frames to capture trajectories.
Semantic Obj ect Description [Graphical] Provide structured metadata about objects (e.g., class, location, attributes).
Semantic Classification [Written] Assign labels to images or localize and label individual objects.
Semantic Scene Detection [Written] (Video) Identify shot boundaries or scene transitions.
Interpretative  Scene Graph Generation [Graphical] 1dentify objects and their pairwise relationships (e.g., “man-riding—moto”).
Interpretative  Image Captioning [Written] Automatically generate descriptive captions for images.
Interpretative  Intent Captioning [Written] (Video) Generate descriptions explaining goals or intentions behind actions.
Audio (Radio)
Surface Subtitle [Written] Transcribe spoken content into aligned text segments.
Semantic Audio Classification [Written] Assign semantic categories (e.g., genre, environment, speaker identity).
Interpretative  Emotion Classification [Written] 1dentify and label the emotional state expressed in audio.
Numeric (AIS — ADS-B — Radar)
Surface Highlighting [Graphical ] Emphasize specific numeric ranges or values (e.g., outliers).
Structural Region of Interest Selection [Graphical] Select specific segments in a time series or numerical matrix.
Structural Data Visualisation [Graphical] Project data into a space emphasizing structures (e.g., clusters, outliers).
Interpretative  Trend Classification [Written] Label time series segments according to their patterns (e.g., increasing, cyclic).
Interpretative ~ Anomaly Classification [Written] Identify and categorize abnormal data points or sequences.

iliary step. In high-stakes domains such as defense, where
sensor data are abundant and real-time decisions are cru-
cial, manual annotation alone becomes impractical. Opera-
tors often lack the time to explicitly annotate; instead, they
do what may be interpreted as implicit annotation.

We claim that designing annotation systems, specifically
to support human operators, can enhance decision-
making capacities and reduce cognitive overload, which
implies shifting the paradigm from data labeling to
Human-Centered interaction.

5.2 Towards Annotation Fusion: Managing
Variability and Ambiguity

A challenge that was intentionally omitted of the core scope
of this paper is the question of inter-annotator variability,
and more broadly, multi-agent annotation. In complex, am-
biguous, or cognitively demanding situations (as in defense
scenarios), annotators production may diverge significantly,
even working under shared guidelines.

This subject emerged as fundamental and should be explic-



itly modeled and incorporated. For instance, annotations
could be contextualized based on annotators’ profiles, or
different opinions could be weighted according to exper-
tise or cognitive style. On the Al side, this also raises the
issue of AI-AI variability, where multiple Al systems pro-
duce different annotations.

A use case like this one, leads naturally to the concept of
annotation fusion, where diverse annotations, from humans,
Al, or both, are merged to create more robust and explain-
able datasets. Combining multiple annotations, potentially
informed by annotators’ reasoning process, offers a promis-
ing direction for mitigating ambiguity, while retaining the
richness of multiple viewpoints.

5.3 Annotation for decision support

Finally, multiple-criteria decision-making (MCDM) meth-
ods are well-established and powerful decision-support
tools for handling numerical data. In defense applications,
such systems are already used to help operators ranking
and interpreting sensor outputs, as well as in selecting ap-
propriate strategies and behaviors [*]. However, operators
struggle to handle visual or textual information. Annotation
could serve therefore as a complementary mechanism to en-
rich MCDM approaches. Conversely, MCDM techniques
could also be leveraged to weight and prioritize which an-
notations are the most relevant.

5.4 Implementation of a Human-Centric An-
notation Framework

As previously discussed, annotation in naval environments
is frequently conducted under time constraints, with oper-
ational realities compelling operators to adapt beyond pre-
scribed procedures. Furthermore, the importance of con-
textual information may fluctuate according to geographic
and meteorological conditions. As a result, rigid sys-
tems such as rule-based algorithms or ontology-driven ap-
proaches may lack the flexibility required for such dynamic
settings. A Human-Centered annotation framework should
accordingly be grounded in a system that facilitates seam-
less interaction between human and artificial agents, sup-
porting adaptive collaboration with the data. In this regard,
multi-agent systems appear particularly promising.

6 Conclusion

Surveillance within maritime semaphore station and frigate
is complex tasks involving continuous observation, iden-
tification, and decision. Currently, operators must gather
information from various sources, to be correlated before
making decisions. In this process annotation is implicit
and lacks automatization or normalization. There are at
least three possible semi-automatic annotation approaches
that could improve operators’ decision capacity. These ap-
proaches require to design intelligent annotation systems,
beyond prescribed theoretical procedures, to meet real op-
erational constrains and needs. Annotation resulting of
human-AI collaboration, could facilitate normalization and
consistency within the resulting data, while being a cog-
nitive aid for humans operating in high-stakes environ-

ments. Data enriched semantically with meaning and con-
text, could lead to improved machine learning models, en-
abling efficient identification of normal and abnormal be-
haviors. Future work will investigate methods for merging
human insights, Al suggestions, and task-specific heuristics
into a cohesive annotation pipeline.
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