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Abstract

Synthetic image generation is increasingly used to augment
visual datasets when real-world data is limited or difficult to
capture. However, generative techniques do not simply ex-
tend existing images; they actively construct contextual as-
sumptions about background continuity, spatial relationships,
and scene structure. In decision-relevant settings, these as-
sumptions can obscure uncertainty and introduce ambiguity
that affects both model behavior and human interpretation.
This paper examines the use of generative image expansion to
induce distance-related perceptual stress in naval vessel im-
agery, motivated by the needs of maritime decision support
under conditions aligned with Tactical Decision-Making Un-
der Stress (TADMUS). Rather than evaluating downstream
model performance, we focus on the interpretability and con-
textual integrity of augmented images as perceived by human
annotators. We construct a dataset of perceptually degraded
image variants using multiple generative platforms and assess
output quality using a structured, context-focused annotation
protocol.

Introduction
Tactical decision-making in maritime and naval environ-
ments frequently occurs under conditions of stress, un-
certainty, and incomplete information. Operators must in-
terpret sensor data, visual cues, and AI-supported assess-
ments while facing time pressure and potentially high conse-
quences. Within the framework of Tactical Decision-Making
Under Stress (TADMUS) , the quality and interpretability
of perceptual inputs are not peripheral concerns; they di-
rectly shape human judgment, trust calibration, and action
selection (Morrison et al. 1996). Yet the visual data used
to develop and assess AI-enabled perception systems often
overrepresents idealized conditions, leaving degraded or am-
biguous viewing scenarios insufficiently examined.

While synthetic image augmentation has advanced
rapidly in recent years, its use for deliberately modeling
perceptual stressors such as distance, occlusion, or dimin-
ished visual salience remains limited. Many applications of
synthetic image augmentation prioritize visual diversity or
realism, while the implications of perceptual degradation
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for downstream decision-making remain largely underex-
plored. Moreover, such practices are not yet systematically
integrated into evaluation pipelines, particularly in decision-
relevant or operational contexts. Generative techniques do
not merely remove information; they actively construct new
contextual assumptions about background continuity, spatial
relationships, and scene structure. When these assumptions
are not explicitly surfaced, AI systems trained or evaluated
on such data may present outputs with unwarranted con-
fidence, complicating tactical decision-making rather than
supporting it. In this work, we frame synthetic augmentation
and perceptual degradation as a form of perceptual stress
induction relevant to TADMUS contexts. We present a con-
trolled pipeline for inducing viewing-distance degradation in
naval ship imagery and a context-rich annotation framework
designed to characterize image integrity, contextual plausi-
bility, and interpretability as decision-relevant signals.

Operational Motivation and Problem Context
Problem Statement
We seek to construct a training and evaluation dataset that
supports a vision-to-text model for maritime vessel identi-
fication, with particular emphasis on distinguishing friendly
from non-friendly naval vessels under distance-induced per-
ceptual stress degradation. While publicly available imagery
provides a practical starting point for prototyping, such
data is uneven with respect to viewing distance and target
salience. The problem addressed in this work is whether
generative image expansion techniques can be used to pro-
duce distance-degraded variants that are sufficiently coher-
ent, interpretable, and trustworthy to support downstream
training and testing, and how the limitations of these tech-
niques can be systematically characterized.

Context
This study emerged from an ongoing effort to develop a
vision-to-text capability that supports an LLM-centered de-
cision support workflow for maritime awareness. A core ob-
jective of this capability is to identify whether an observed
naval vessel is friendly or non-friendly based on visual evi-
dence and contextual cues. As an initial step, we constructed
a seed image set by sampling frames from publicly avail-
able online videos. A researcher reviewed maritime footage
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and extracted still images depicting naval vessels from mul-
tiple countries, producing a diverse but uneven dataset that
reflects real-world variability in capture quality, viewpoint,
and background conditions. A key limitation of the result-
ing dataset is that it overrepresents relatively clear views and
mid-range observations, while providing limited coverage of
long-range conditions where vessels occupy a small fraction
of the frame and critical identifying features are less visi-
ble. Because distance and reduced target salience are cen-
tral stressors for perception in maritime environments, we
explored whether generative image expansion tools could
be used to create distance-stressed variants of existing im-
ages while preserving vessel integrity and producing plausi-
ble maritime context.

This paper focuses on the strengths and limitations of
several generative AI platforms for this specific augmenta-
tion task. Rather than treating all synthetic outputs as in-
terchangeable, we evaluate how different tools behave un-
der controlled distance-stress conditions, and we assess out-
put quality through a human annotation protocol designed
to capture subject integrity, dimensional fidelity, background
plausibility, and artifact presence. The goal is to inform prac-
tical dataset construction decisions for training and testing
vision-to-text models intended for decision-relevant mar-
itime classification tasks.

Related Work
This work sits at the intersection of three bodies of schol-
arship: synthetic image augmentation, robustness and per-
ceptual degradation in vision systems, and human-centered
AI for decision support. While each of these areas has been
studied extensively in isolation, they are rarely considered
together in decision-relevant or operational contexts. In par-
ticular, existing work often separates questions of visual data
generation from questions of interpretability, uncertainty,
and human judgment under stress. This separation becomes
especially salient in settings aligned with Tactical Decision-
Making Under Stress (TADMUS) (Morrison et al. 1996),
where perceptual inputs directly shape sensemaking, trust
calibration, and action selection. The following sections sit-
uate this study within these literature and clarify how our
focus on distance-induced perceptual stress degradation and
contextual integrity extends existing work toward evaluation
practices better aligned with operational decision-making
needs.

Synthetic Image Augmentation and Visual Realism
Prior work on synthetic image augmentation has largely fo-
cused on increasing dataset diversity, improving class bal-
ance, or enhancing visual realism (Shorten and Khoshgof-
taar 2019; Tremblay et al. 2018; Richter et al. 2016). Tech-
niques such as image inpainting, scene expansion, and gen-
erative background synthesis are commonly evaluated us-
ing perceptual quality metrics or downstream model perfor-
mance (Pathak et al. 2016; Rombach et al. 2022). In these
settings, visual coherence and realism are often treated as
proxies for data usefulness.

While such approaches have enabled scalable dataset con-
struction, they typically do not make explicit the assump-

tions introduced during generative modification, nor do they
characterize how these assumptions affect interpretability.
Synthetic images are frequently treated as equivalent to real
observations, despite embedding inferred or hallucinated
context that may not be grounded in the original scene. As
generative tools become more accessible, this lack of con-
textual accounting raises concerns about how synthetic data
is incorporated into training and evaluation pipelines with-
out sufficient attention to representational fidelity.

Perceptual Degradation and Robustness in Vision
Systems
Research on robustness in computer vision has examined
system behavior under perceptual degradations such as
noise, blur, occlusion, and resolution loss (Hendrycks and
Dietterich 2019; Geirhos et al. 2018; Dodge and Karam
2017). These studies have been instrumental in identifying
failure modes and performance gaps, particularly under dis-
tributional shift. However, robustness evaluations are typi-
cally model-centric, emphasizing accuracy, calibration, or
stability metrics rather than interpretability or downstream
decision impact (Taori et al. 2020).

Less attention has been paid to how perceptual degrada-
tion is represented to human users or how uncertainty in-
troduced at the perception stage propagates into decision-
support workflows. In operational contexts, visually plau-
sible outputs may obscure meaningful uncertainty, particu-
larly when generative techniques introduce coherent but un-
grounded context. This gap motivates evaluation approaches
that consider not only whether models remain accurate un-
der degradation, but whether degraded or augmented inputs
remain interpretable and trustworthy to human decision-
makers.

Human-Centered AI and Decision-Support
Contexts
Human-centered AI research emphasizes the importance of
transparency, interpretability, and appropriate trust calibra-
tion in AI-assisted decision-making, particularly in high-
stakes and time-pressured environments (Amershi et al.
2019; Hoffman, Klein, and Mueller 2018; Suresh and Gut-
tag 2021). Foundational work in situation awareness and
naturalistic decision-making highlights how perceptual cues
and uncertainty representation shape human judgment under
stress (Endsley 2017; Klein 2017).

Within the Tactical Decision-Making Under Stress (TAD-
MUS) framework, perceptual inputs are not neutral; they ac-
tively influence sensemaking, confidence, and action selec-
tion under conditions of uncertainty and time pressure. De-
spite this, relatively little work has examined how synthetic
visual data and generative preprocessing affect contextual
integrity and uncertainty representation in decision-support
systems. When generative techniques are used to augment or
preprocess visual inputs, the resulting context is rarely an-
notated or evaluated in ways that reflect decision relevance.
This gap motivates approaches that treat perceptual stress,
contextual fidelity, and human interpretability as first-class
evaluation concerns.
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Figure 1: Original image vs. Images zoomed out and padded

Methods
Our methodological approach is designed to evaluate
whether generative image expansion techniques can be used
to produce distance-stressed variants of naval vessel imagery
that remain interpretable and decision-relevant. Rather than
optimizing for visual realism alone, we characterize how dif-
ferent generative platforms behave under controlled percep-
tual stress and how the resulting images preserve or dis-
tort contextual cues relevant to vessel identification. The
methods described below detail the construction of the seed
dataset, the procedure for inducing distance-based percep-
tual stress, the generative platforms evaluated, and the an-
notation framework used to assess output fidelity and inter-
pretability.

Dataset Construction
The seed dataset was constructed from publicly available on-
line videos depicting naval vessels from multiple countries.
A researcher manually reviewed maritime footage and ex-
tracted still frames containing identifiable naval ships, re-
sulting in an initial collection of approximately 100 images.
This dataset reflects real-world variability in capture con-
ditions, including differences in resolution, camera angle,
background clutter, and environmental context. While the
dataset provides broad coverage of vessel types and view-
ing conditions, it is not uniformly distributed with respect to
viewing distance. In particular, long-range observations in
which vessels occupy a small portion of the image are under-
represented. This imbalance motivated the use of synthetic

augmentation to induce distance-related perceptual stress in
a controlled manner.

Distance-Stress Induction via Generative Image
Expansion
To simulate distance-induced perceptual stress, we gener-
ated distance-stressed variants by reducing the apparent size
of the target vessel within the image while preserving its spa-
tial location. Operationally, this was implemented by resiz-
ing the original image and embedding it within an expanded
canvas, thereby increasing the proportion of background rel-
ative to the vessel.

Three levels of perceptual degradation were applied, cor-
responding to progressively reduced target salience. Figure 1
illustrates the distance-stress induction process, showing
the original vessel image alongside progressively reduced
target-salience variants prior to generative background ex-
pansion. Following this resizing step, generative image ex-
pansion was used to synthesize background content sur-
rounding the resized image. This approach allowed us to as-
sess how well generative techniques could maintain subject
integrity and plausible maritime context as perceptual stress
increased.

Generative Platforms Evaluated
We evaluated multiple generative AI platforms commonly
used for image generation or modification, including web-
based tools, API-driven services, and application-based gen-
erative editors. Table 1 summarizes the platforms evaluated
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Platform Access Batch Stability

ChatGPT+ Subscription No Unstable
Midjourney Subscription No Unstable
Vertex AI Studio Usage-based Yes Unstable
Meta LLaMA Self-hosted No Unstable
Photoshop Gen Fill Subscription Yes Very Stable

Table 1: Operational characteristics of generative image ex-
pansion platforms evaluated.

and key operational characteristics relevant to dataset con-
struction. These platforms were selected to reflect a range of
cost structures, interaction paradigms, and degrees of user
control. For each platform, we assessed its ability to per-
form generative image expansion following distance-stress
induction, as well as the stability and consistency of the re-
sulting outputs. Particular attention was paid to background
coherence, artifact introduction, and the preservation of ves-
sel geometry across repeated generations.

Annotation Protocol
To evaluate the quality and interpretability of perceptu-
ally degregraded images, we employed a human annota-
tion protocol designed to capture contextual fidelity rather
than aesthetic preference. Each augmented image was as-
signed a categorical quality label reflecting its suitability
for decision-relevant use in a maritime identification con-
text. The protocol is designed to surface ambiguity and fail-
ure modes that are meaningful for downstream decision-
making, rather than to rank images by visual appeal.

Annotations focused on five dimensions: subject in-
tegrity, subject dimensional fidelity, background quality,
background consistency, and artifact presence.

• Subject integrity refers to whether the vessel remains a
coherent and identifiable object rather than being dis-
torted or merged with the background.

• Subject dimensional fidelity captures whether the relative
proportions and spatial extent of the vessel are preserved
under augmentation.

• Background quality reflects the visual plausibility of the
generated environment.

• Background consistency assesses whether the back-
ground aligns contextually with the vessel and scene.

• Artifact presence captures the introduction of unnatural
or implausible visual elements resulting from generative
intervention.

These dimensions were selected to reflect whether the
augmented image preserved critical visual cues needed for
vessel identification without introducing misleading or im-
plausible contextual elements. To support consistent appli-
cation of these dimensions, annotators used a three-level or-
dinal scale reflecting overall image suitability for decision-
relevant use. Each level corresponds to characteristic pat-
terns of subject distortion, contextual inconsistency, and ar-
tifact presence, as summarized in Table 2.

Quality
Level

Characteristic Attributes

Poor (Red) At least one major failure mode is present,
including severe subject distortion or merg-
ing with the background, substantial loss
of subject dimensions, inconsistent or im-
plausible background context, or prominent
generative artifacts that introduce mislead-
ing visual elements.

Moderate
(Yellow)

Partial degradation is present, such as
mild subject distortion or reduced dimen-
sional fidelity, moderate background incon-
sistency, or minor but noticeable generative
artifacts that may introduce ambiguity with-
out fully obscuring vessel identity.

High
(Green)

Subject integrity and dimensions are pre-
served, background context is visually plau-
sible and consistent with the vessel, and no
noticeable generative artifacts are present.
Images in this category support reliable in-
terpretation under distance-induced percep-
tual stress.

Table 2: Annotation scale used to assess the quality and in-
terpretability of distance-stressed images.

Figure 2 provides representative examples for each an-
notation category, illustrating how different degrees of
distance-induced perceptual stress and generative interven-
tion manifest in practice. The figure highlights characteris-
tic failure modes observed in lower-quality images, such as
subject deformation, background inconsistency, and unnatu-
ral artifacts, as well as examples where subject integrity and
contextual plausibility are preserved under moderate stress.
These examples served as shared reference points during an-
notation to promote consistency in how quality criteria were
interpreted.

Inter-Rater Reliability Analysis
Two independent annotators evaluated all augmented im-
ages. To assess consistency and identify sources of ambi-
guity, we computed multiple inter-rater reliability metrics,
including Cohen’s kappa, Spearman’s rank correlation, and
Krippendorff’s alpha. These measures provide complemen-
tary perspectives on agreement across nominal and ordinal
interpretations of the annotation scale. Rather than treating
disagreement as noise, we interpret reduced agreement un-
der higher perceptual degradation as an indicator of repre-
sentational instability introduced by generative augmenta-
tion. These analyses inform both the limits of the augmenta-
tion approach and the reliability of the resulting dataset for
downstream use.

Results
This section reports the outcomes of the perceptual degra-
dation augmentation and annotation process. Rather than
evaluating model accuracy or downstream classification per-
formance, the results characterize patterns in image quality,
annotation agreement, and representational stability across
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Figure 2: Representative examples for each annotation category (poor, moderate, high), illustrating subject integrity, background
consistency, and artifact presence under distance-induced perceptual stress.

distance-stress conditions and generative configurations. We
employ inter-rater agreement and dimension specific ratings
as proxies for interpretability and representational reliabil-
ity. In this context, agreement reflects the extend to which
an image affords consistent semantic interpretation under
degraded conditions. These measures are commonly used
when ground truth is ambigous but interpretive consistency
is operationally meaningful.

Dataset Scale and Augmentation Coverage

Starting from an initial seed set of approximately 100 im-
ages, the augmentation pipeline produced a total of 882
distance-stressed variants. These images span three levels of
distance-induced perceptual stress and multiple generative
configurations, yielding a dataset that systematically varies
target salience while holding the underlying vessel identity
constant. All augmented images were annotated using the
three-level ordinal quality scale described in Table 2.

Image Quality Distribution Across Perceptual
Degradation

Annotation outcomes show that increasing perceptual degra-
dation is associated with greater difficulty in interpreting
augmented images. Agreement between annotators is higher
for images generated under moderate distance-stress condi-
tions and drops substantially for the most extreme stress con-
dition. For example, measures of agreement such as Spear-
man’s ρ decrease from values near 0.50 under moderate
stress to approximately 0.21 at the highest stress level, while
overall agreement measures fall below 0.20 for the most ag-
gressive distance condition.

These shifts indicate that as vessels occupy a smaller por-
tion of the image and generative expansion plays a larger
role in constructing the surrounding context, annotators be-
come less consistent in how they assess image quality. This
reduced agreement aligns with observed degradation in sub-
ject integrity and background coherence, suggesting that
higher perceptual degradation introduces ambiguity that af-
fects both visual fidelity and human interpretation.

87



Grouping Criterion N nominal α ordinal α κ (unweighted) κ (linear) κ (quadratic) Spearman’s ρ
Overall 486 0.40 0.50 0.40 0.45 0.50 0.50
Gen fill 292 0.39 0.47 0.39 0.44 0.48 0.48
Gen fill + Prompt 194 0.38 0.50 0.38 0.45 0.50 0.51
Resize = 0.5 194 0.42 0.51 0.42 0.46 0.50 0.51
Resize = 0.25 194 0.37 0.52 0.37 0.46 0.53 0.53
Resize = 0.125 98 0.17 0.16 0.19 0.19 0.19 0.21

Table 3: Inter-rater reliability measures with 2 independent raters. Spearman’s p-value ≤ 0.05.

Inter-Rater Reliability Under Increasing
Perceptual Stress

Inter-rater reliability outcomes are summarized in Table 3
and provide insight into how consistently distance-stressed
images could be interpreted using the shared annotation pro-
tocol. Across the full dataset (N = 486), overall agreement
falls in the moderate range (e.g., ordinal α = 0.50, Spear-
man’s ρ = 0.50) with substantial variation across perceptual
degradation conditions.

Agreement was highest for images generated under mod-
erate perceptual degradation and declined as perceptual
stress increased. This pattern is visible across all reported
measures in Table 3. For example, values for Spearman’s
ρ and Krippendorff’s α are near 0.50 for moderate stress
conditions, but drop to approximately 0.20 or lower for the
most extreme degradation condition (e.g., ordinal α = 0.16,
Spearman’s ρ = 0.21 at Resize = 0.125), where vessels oc-
cupy only a small portion of the image. Similar declines are
observed for Cohen’s κ, indicating that reduced agreement
is not specific to a single metric.

These patterns suggest that as perceptual degradation in-
creases, augmented images become more difficult to inter-
pret in a consistent way, even when annotators share a com-
mon scale and reference examples. Rather than reflecting an-
notation error alone, the decline in agreement points to in-
creased ambiguity in the visual representations themselves.
In this sense, inter-rater reliability serves as a practical in-
dicator of representational stability, highlighting where gen-
erative image expansion begins to introduce uncertainty that
may limit the usefulness of augmented images for decision-
relevant tasks. While these agreement measures are not in-
tended as formal tests of statistical significance, they offer a
useful lens for understanding how perceptual stress affects
the interpretability of generative outputs.

Beyond overall trends, several additional patterns emerge
from the inter-rater agreement data. Agreement measures
that account for ordinal relationships consistently exceed
nominal agreement, suggesting that annotators often dif-
fered by degree rather than by fundamental judgment.
Prompt-based generative expansion did not yield a clear im-
provement in agreement, indicating that simple prompt guid-
ance may not mitigate ambiguity introduced by perceptual
degradation. Finally, the sharp decline in agreement at the
highest stress level suggests a threshold beyond which gen-
erative image expansion produces representations that are no
longer reliably interpretable.

Discussion
The results highlight both the promise and the limits of gen-
erative image expansion for constructing distance-stressed
visual datasets in decision-relevant maritime contexts. Taken
together, the findings suggest that the behavior of generative
augmentation under perceptual stress is neither uniformly
beneficial nor uniformly harmful. Instead, its utility depends
on the degree of stress applied and on whether distortions
introduced during generation are made visible and inter-
pretable within the dataset. The discussion below surfaces
several grounded observations that emerge from this analy-
sis and considers their implications for decision-relevant AI
systems.

Generative image expansion exhibits a narrow win-
dow of reliability under perceptual stress. Inter-rater
agreement remains relatively stable under low to moder-
ate perceptual degradation but drops sharply at the highest
stress level, suggesting a threshold beyond which genera-
tive expansion produces representations that are no longer
consistently interpretable. Under moderate perceptual stress,
generative techniques were often able to preserve subject in-
tegrity and plausible background context, producing images
that annotators judged as suitable for interpretive use. How-
ever, as perceptual degradation increased, generative as-
sumptions about background continuity and spatial structure
became more pronounced, leading to representational distor-
tions that undermined interpretability. This pattern suggests
that generative expansion should not be treated as a drop-in
solution across all stress conditions, particularly when ex-
treme reductions in target salience are involved.

Prompt-based generative guidance does not reliably
mitigate ambiguity under perceptual degradation. While
prompting was used to encourage plausible maritime back-
grounds, agreement patterns indicate that simple prompt
guidance does not substantially improve interpretability
once perceptual degradation increases. This is reflected in
the agreement metrics, which are nearly identical for gener-
ative fill with and without prompting (e.g., ordinal α = 0.47
vs. 0.50, Spearman’s ρ = 0.48 vs. 0.51; Table 3). This sug-
gests that perceptual degradation, rather than prompt speci-
ficity, is the dominant factor shaping how generative outputs
are interpreted.

Synthetic visual data functions as an intervention, not
a neutral transformation. From a tactical decision-making
perspective, these findings underscore the importance of
treating synthetic visual data as an active intervention in the
perceptual pipeline rather than as a simple extension of ex-
isting data. Generative expansion does not merely reduce or
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obscure information; it introduces inferred context that may
mask uncertainty or fabricate coherence where none exists.
In settings aligned with Tactical Decision-Making Under
Stress (TADMUS), such distortions pose a risk to appropri-
ate trust calibration, particularly when AI-generated visual
inputs are consumed alongside model-generated textual as-
sessments.

Human disagreement under perceptual degradation
surfaces meaningful signals of ambiguity. Notably, agree-
ment measures that account for ordinal relationships remain
higher than nominal agreement across most conditions. For
example, across most conditions ordinal α exceeds nominal
α by approximately 0.08–0.15 (Table 3), indicating differ-
ences in degree rather than categorical disagreement. The
sharp decline in agreement at high degradation levels, how-
ever, reflects a breakdown in representational stability rather
than simple boundary disagreement.

Disciplined use of synthetic imagery requires explicit
indicators of fidelity and limitation. Importantly, this work
does not argue against the use of generative image expan-
sion in dataset construction. Instead, it motivates a more
disciplined approach in which distance-degradated variants
are accompanied by explicit indicators of fidelity, ambiguity,
and limitation. Context-rich annotation and reliability anal-
ysis provide practical mechanisms for bounding the appli-
cability of synthetic imagery and for preventing augmented
data from propagating unwarranted confidence into down-
stream vision-to-text and decision-support workflows.

Limitations
This study is limited to a single visual domain and a small,
intentionally constrained seed dataset derived from publicly
available imagery. Inter-rater agreement is moderate overall,
but is used analytically as a signal of interpretability under
perceptual degradation rather than as a measure of annota-
tor performance. Constraints on image fidelity, distance, and
target size reflect controlled design parameters rather than
data scarcity. Finally, because the analysis focuses on gener-
ative augmentation behavior rather than model comparison,
findings may vary across generative model architectures and
versions.

Conclusion and Future Work
This work contributes to the study of AI in practice by ex-
amining the strengths and limitations of generative image
expansion as a dataset construction strategy in decision-
relevant settings. Rather than asserting improvements in
model performance, the findings highlight how synthetic vi-
sual interventions shape interpretability, ambiguity, and trust
signals that are critical for real-world use. In maritime and
defense-oriented contexts, where visual inputs are consumed
under uncertainty and time pressure, understanding these ef-
fects is essential. By framing distance-degraded image gen-
eration as a form of perceptual stress induction, this re-
search surfaces risks associated with unexamined generative
assumptions, including representational distortion and un-
warranted confidence. The results underscore the need for
context-rich annotation and reliability analysis when inte-

grating synthetic visual data into AI-enabled workflows. In
doing so, this work advances a more disciplined and human-
centered approach to synthetic data use, supporting respon-
sible innovation without overstating capability or perfor-
mance gains.
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