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Abstract. Data scarcity remains a major obstacle to robust computer
vision for marine litter monitoring, especially for emerged litter detection
and temporal tracking in UAV-based imagery. This paper introduces a
closed-loop agentic framework that autonomously generates, annotates,
and refines synthetic training data to improve downstream detection and
tracking performance. The system is supervised by either a remote or
local reasoning agent, which coordinates data generation, annotation,
training, and evaluation within an iterative optimization loop.

The framework combines SDXL Inpainting for foreground object syn-
thesis and LTX-2.3 for high-fidelity temporal sequence generation. Au-
tomated annotations are produced using FastSAM and ByteTrack, pro-
viding mask and tracking ground-truth labels suitable for supervised
training. The synthesized data are used to train and evaluate YOLOvS8
Nano models for marine litter detection and multi-object tracking. Per-
formance metrics, including mAP and MOTA, are fed back to the agent
to refine prompts, generation settings, and training configurations. Ex-
perimental results show that the proposed workflow improves perfor-
mance, highlighting the potential of agentic data synthesis and augmen-
tation for automated marine litter monitoring in data-scarce scenarios.

Keywords: Agentic workflows - Marine litter detection - Closed-loop
optimization - Marine litter tracking - Synthetic data generation

1 Introduction

The continuous increase in plastic production and disposal has led to widespread
litter accumulation in marine environments [I9], with serious impacts on ecosys-
tems, biodiversity, and human health [2II33]. Marine litter monitoring is there-
fore essential for understanding pollution dynamics, supporting mitigation strate-
gies, and enabling clean-up operations [6/33]. Since traditional monitoring is
labor-intensive, costly, and difficult to scale, autonomous and semi-autonomous
platforms such as Unoccupied Aerial Vehicles (UAVs), Unoccupied Surface Ve-
hicles (USVs), and Autonomous Underwater Vehicles (AUVs) are increasingly
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adopted [7I19]. However, robust vision algorithms remain a major bottleneck
[19]: although supervised deep learning (DL) has shown promise for floating lit-
ter monitoring in rivers and canals [12], high-precision detection in unstructured
maritime habitats is still challenged by environmental variability and domain
shifts [37].

A key limitation of DL-based monitoring is the need for large volumes of
accurately annotated data, especially for semantic segmentation and tracking
tasks requiring pixel-level masks and temporally consistent object identities.
Since manual annotation is difficult to scale, recent generative approaches such
as SeeDiff |22] exploit text-to-image diffusion attention mechanisms to generate
image—mask pairs without additional training or prompt tuning, using cross-
attention seeding and multi-scale self-attention mask expansion. These capa-
bilities are relevant for marine litter monitoring, where limited spatially and
temporally annotated data constrain the quantification and tracking of individ-
ual macroplastic objects in coastal regions [7[29]. Still, data generation alone
is insufficient: synthetic samples must be scenario-relevant, automatically anno-
tated, and evaluated through their impact on downstream detection and tracking
performance.

Current resources remain fragmented, with a lack of comprehensive anno-
tated datasets for marine litter detection and tracking [20]. Datasets for sub-
merged debris, such as SeaClear [37] and AquaTrash [21], and surface-level USV
imagery, such as FF'ML [I7], provide valuable benchmarks. Nevertheless, nadir-
view (top-down) UAV datasets remain scarce, and existing open-access datasets
are rarely annotated for temporal tracking tasks.

To address these limitations, this paper presents a Closed-Loop Agentic Frame-
work for automated marine litter monitoring through data synthesis and aug-
mentation. The framework targets UAV-based nadir-view scenarios and inte-
grates synthetic data generation, automated annotation, and downstream eval-
uation in an iterative workflow. Detection and tracking metrics are fed back to
an agentic orchestrator, which adapts generation prompts, synthesis parameters,
and training configurations according to their impact on model performance.

1.1 Contributions
Building on this framework, our main contributions are:

— Closed-Loop Agentic Orchestration for Monitoring: We implement a dual-
paradigm agentic system [I] in which either a remote controller or a local
reasoning agent supervises the full workflow, including data generation, an-
notation, training, and evaluation. Following the principles of DAAO [25]
and AgentForge [15], the agents use execution feedback from the downstream
model to refine generation prompts, synthesis parameters, and training con-
figurations.

— Autonomous Synthesis and Augmentation of Nadir-View Data: Addressing
the lack of UAV-specific datasets for emerged marine litter monitoring [7],
our framework utilizes Stable Diffusion XL for foreground inpainting and
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LTX-2.3 for latent video generation. This enables the creation of high-
fidelity, nadir-view synthetic images and video sequences that simulate di-
verse maritime conditions.

— Integrated Detection and Tracking Annotations: Unlike many existing datasets
that focus mainly on static detection scenarios, such as FML [I7] and Sea-
Clear [37], our framework automates the generation of both instance segmen-
tation masks via FastSAM and temporal tracking IDs via ByteTrack. This
enables the construction of training data suitable for both object detection
and dynamic marine litter tracking.

— Performance-Guided Optimization via Feedback: We demonstrate that the
proposed closed-loop approach can improve the performance of a lightweight
downstream model, namely YOLOuv8 Nano, across both detection and track-
ing tasks. By treating model performance metrics, including mAP and MOTA,
as feedback signals [25], the agents iteratively synthesize and retain targeted
examples that contribute to better generalization.

2 Related Works

2.1 Marine Litter Detection and Dataset Limitations

Deep learning techniques for marine debris have developed rapidly, with the
YOLO family consistently outperforming other object detectors in terms of
the speed-accuracy trade-off [20]. Specialized models like MLDet [19] and com-
pressed versions of YOLOvVS5 for embedded devices [33] have pushed the bound-
aries of real-time detection. Other approaches have explored Transformers for
capturing global context [6] or Multi-spectral sensors on drones to classify spe-
cific litter materials such as fiber, fragments, and foam [I1].

Despite these advances, the data-hungry nature of supervised DL remains
a hurdle [12]. Existing resources like the SeaClear Marine Debris Dataset [37],
AquaTrash [21], and the Floating Marine Litter (FML) dataset [I7] provide vital
benchmarks but often struggle with domain shift where a model trained on one
site fails to generalize to unseen cameras, different altitudes, or varying water
conditions [37]. Simple data augmentation (DA) like image flipping can boost
accuracy [12] [27], but it is often insufficient for the complexity of less-defined
targets in sea-surface imagery, where self-supervised strategies sometimes offer
a more robust solution than standard supervised detection [4].

2.2 Generative Augmentation and UAV Optimization

To enhance datasets, studies have employed background removal and basic aug-
mentation to optimize detection for specific items like bottles (BMD) [27]. How-
ever, these methods remain static and lack environmental diversity. Recent aerial
surveys suggest that a resolution of approximately 0.5 cm/pixel is ideal for de-
tection [27], yet maintaining this across diverse altitudes and atmospheric condi-
tions requires sophisticated, synthetic data generation methods that can simulate
these variations realistically.
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2.3 The Rise of Agentic Al

A transformative shift is occurring with the move from single-model prompting
to Agentic AI [I] [3]. Unlike traditional systems, agentic workflows use Large
Language Models (LLMs) to reason, plan, and execute multi-step tasks au-
tonomously [34] [3]. Frameworks like AFlow [34] and DAAO (Difficulty-Aware
Agentic Orchestration) [25] demonstrate that agentic systems can optimize their
own workflows based on execution feedback and query difficulty. In software
engineering, systems like AgentForge [I5] use execution-grounded verification
in sandboxed environments to ensure code correctness, while systems like He-
lium [30] optimize the efficiency of these multi-step LLM calls through proactive
caching.

Currently, these agentic workflows are predominantly used in healthcare, fi-
nance, or general software development [I] [I5]. Their application in automated
data engineering for environmental monitoring remains an untapped frontier.
Our work bridges this gap by applying agentic orchestration to the Curate-
Train-Refine cycle of marine litter detection. Notably, the work most closely
aligned with our objective is Meta-Harness [I8], an outer-loop system designed
for automated harness engineering. Unlike static optimizers, Meta-Harness uti-
lizes an agentic proposer that analyzes execution traces and source code to iter-
atively refine the application’s logic. This approach demonstrates that providing
agents with rich access to prior experience—rather than just compressed feed-
back—significantly improves performance across coding and reasoning tasks. In
our framework, we extend this philosophy to the environmental domain, leverag-
ing execution feedback from the downstream YOLOv8 model to autonomously
evolve the data synthesis harness.

3 Methodology

The proposed framework, implemented with LangGraph [16], operates as a
closed-loop system entirely supervised by an agentic structure. Given an initial
dataset and an initial configuration (e.g., generation prompt, metric to opti-
mize), the pipeline iterates over four phases (see Fig. : dataset augmentation
(optional), downstream task actions (training and evaluation for detection or
tracking), reason, and act. The train split seeds and trains the initial model,
while the validation split is never augmented and serves as a stable benchmark
across iterations. In the augmentation phase, stable diffusion inpainting and la-
tent video generation produce high-fidelity synthetic sequences, which an auto-
mated annotation module converts into consistent masks and temporal tracklets
via foundational vision models. During reason, an agent inspects task perfor-
mance, analyzes the current configuration, and decides whether to trigger new
data generation or hyper-parameter tuning; during act, the agent’s output is
materialized into a tweaked configuration that feeds the next iteration.

The loop is preceded by a warm-up stage: the downstream task is first ex-
ecuted on the original dataset to establish a baseline, then re-executed on the
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Fig. 1: Closed-loop Agentic Workflow for Marine Litter Dataset Augmentation.
The processing stages: (A) (optional) Dataset augmentation / Hyper-parameters
tuning: 1) Generation: SDXL Inpainting used for foreground synthesis and LTX-
2.3 for video generation based on agent-optimized prompts; 2) Annotation: Fast-
SAM and ByteTrack provide automated mask and tracking ground-truth labels;
(B) Downstream Task, where a YOLOv8 Nano model is trained on the synthetic
data. Performance metrics (mAP, MOTA) are fed back to the orchestrator as an
optimization signal to iteratively refine the pipeline; (C) Reason, where a remote
or local agent coordinates pipeline execution. The Act (Action) arrow links to
the (A) stage in the loop.

union of original and synthesized data under the initial configuration, producing
the starting point for agentic refinement.

3.1 Dataset augmentation

In this optional phase, new synthetic video or image data is generated, depend-
ing on the downstream task, based on the currently active configuration. Data
annotations are produced alongside the new data. If the performances of the
downstream task on the merged synthetic and original datasets improve for the
designated metric, the generated data and its configuration are retained for the
next iterations.

Data generation Our pipeline generates new data starting from user-configured
static backgrounds and natural language prompts. To generate a marine litter
dataset, a static image of the sea is used for all downstream tasks, taken in
daylight with no clouds, from a nadir-viewing camera (i.e., UAV acquisitions).
To improve dataset diversity and task relevance, prompts are refined through
an agentic pipeline that adapts textual descriptions according to scene context
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Fig.2: (a) Background to condition models; (b),(c) cropped generated litter;
(d) example good generated mot frame; (e),(f) generated visual artefacts.

(e.g., object type, scale, and water turbidity). This process is used exclusively
for dataset construction and is not involved in downstream inference.

Image Generation and Inpainting: Stable Diffusion XL Inpainting 0.1 To gen-
erate high-quality synthetic training data for emerged marine litter scenarios,
we employ Stable Diffusion XL Inpainting 0.1 [24], a latent diffusion model
specifically designed for conditional image completion and region-aware synthe-
sis. The model operates in the latent space z € R?***¢ of a pretrained Varia-
tional Autoencoder (VAE), where corrupted regions defined by a binary mask
m € {0, 1}"** are iteratively denoised conditioned on both the visible context
and a textual prompt P.

In our framework, SDXL inpainting is used to synthesize foreground marine
litter instances conditioned on real sea background imagery (Fig. , enabling
controlled composition of realistic training samples. The model ensures spatial
consistency between generated objects and the surrounding aquatic environment
by leveraging both semantic conditioning and structural guidance from the un-
masked regions.

Video Generation: LTX-2.8 22B Distilled To generate high-fidelity visual se-
quences from our agentically-refined prompts, we employ LTX-2.3 22B Distilled
[10], a latent diffusion transformer (DiT) optimized for high-throughput genera-
tion. Our framework leverages the high-capacity 14B-parameter video stream of
the 22B ensemble, operating on spatio-temporal latent tokens z € RH>*WxTxC
compressed via a causal VAE.

The model follows a Rectified Flow formulation, where the training objective
minimizes the Mean Squared Error (MSE) of the predicted velocity field vg:

Lfiow = Bzg 2t [0 (21,1, ¢) = (21 — 20)]7] (1)
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Fig.3: An example of emerged marine litter video sequence generated by our
workflow: Iy is the frame generated by the stable diffuser generator, Iy /3 rep-
resents the set of transition frames generated in between the first and the frame
IN/37 and similarly for IN/3...2N/3 for IN/S and IZN/3 and ﬁnally for IZN/3...N for
Irny3 and Iy. All of these frames have been generated by the LTX-2.3 model.
The video generation prompt is shown in the top left: "Detailed plastic fishing
nets drifting in the ocean, cinematic, high quality, realistic waves, going towards
right slowly, following the rhythm of the waves". Top right the parameters set-
ting: N (Number of frames), FPS (Frames per second), AR (Aspect ratio), and
H (Height in pixels).

where zg is the data latent, 23 ~ N(0, ) is Gaussian noise, t € [0, 1], and c rep-
resents the conditioning context (text, initial image, and temporal parameters).

To fit within a 15GB VRAM envelope, the model is quantized to INT8 and
executed via the Wan2GP engine [31]. We adopt a two-stage refinement strategy:
an initial base generation at half-resolution (N = 8 steps) followed by a latent
upscaling and refinement stage (N = 3 steps). The final video V is recovered
via:

V= VAEdec(dsrefine (ébase(P> Istarta T, f)y Nrefine)) (2)

where P is the agent-generated prompt, 54+ is the conditioning start image, 7
is the duration in seconds, and f is the frame rate. This conditioning is further
enhanced by thinking tokens within the Gemma 3 12B-based text encoder, ensur-
ing high adherence to complex semantic instructions [26]. Since we do not need
any extra information from the generated audio signal, this one is suppressed in
a post-processing phase. The text prompt can affect the motion of litter over the
sea surface and the dynamic of the nadir-viewing camera, therefore, it needs to
be optimized by the agent before the generative step. A visual example is shown

in Fig. 8|

Data annotation In the second part, we provide an automatic annotation
module involving state-of-the-art models for generating coherent ground-truth
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masks and bounding boxes. This stage is crucial for ensuring a high-quality
training /validation step at the end of the workflow. In general, this module
provides annotations to be used even externally from our workflow, therefore
proposing new potential datasets in the marine litter domain.

Object Segmentation: Fast Segment Anything Model (FastSAM) To ensure pre-
cise spatial grounding, we integrate the Fast Segment Anything Model (Fast-
SAM), a foundation model for promptable image segmentation [36/14]. Fast-
SAM decouples a heavy image encoder from a lightweight mask decoder, en-
abling real-time mask generation from sparse prompts (e.g., points or bounding
boxes). To address prompt ambiguity, the model predicts multiple hierarchical
masks simultaneously, ensuring a valid segmentation regardless of the prompt’s
precision, and inherits robustness from large-scale pre-training on SA-1B with a
focal-plus-dice mask objective. In our pipeline, FastSAM isolates semantic en-
tities from the conditioning image [ q.¢, providing the spatial references used
by the agentic workflow to guide LTX-2.3 with high semantic fidelity. Applying
a confidence threshold to FastSAM predictions on each frame of the generated
video yields the per-frame ground-truth annotations for the floating litter.

Object Tracking: ByteTrack To maintain temporal consistency and object iden-
tity across the generated sequences, we integrate ByteTrack, a robust multi-
object tracking (MOT) framework [35]. Unlike standard association methods
that filter out low-confidence detections, ByteTrack employs the BYTE data as-
sociation strategy, which utilizes both high-score and low-score detection boxes
to recover objects under partial occlusion or motion blur.

The tracking process utilizes a Kalman Filter to predict object states and
performs a dual-stage association based on Intersection over Union (IoU) simi-
larity. Let T denote the set of active tracklets and D the set of detections derived
from SAM-generated masks. The association is formulated as:

MatCh(Tu Dhigh) U MatCh(ﬁemaina Dlow) (3)

By matching unmatched tracklets Tremain With the low-score set Doy, the sys-
tem maintains trajectory continuity even when visual quality degrades. In our
workflow, this mechanism is utilized to automatically annotate tracking ground
truth, linking the semantic descriptions from our agentic workflow to consistent
object IDs throughout the synthetic video duration.

Dataset merge In the last part, the final generated samples are subsequently
integrated into a unified dataset for training detection and segmentation models
on emerged marine litter scenarios. The unified dataset includes the original
dataset, any previously generated dataset that was beneficial to the training,
and the newly generated dataset.
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3.2 Downstream task

This stage of our workflow involves training and validating a downstream model
using the unified dataset to ensure robust performance on real-world distribu-
tions. The tasks involved are litter detection and tracking over frame sequences.
The model is always validated on the original validation set, which is never
augmented, for a fairer comparison with the original baseline. The implementa-
tion of the models is provided by the Ultralytics library [13] and Huggingface
Transformer[32] and Diffusers libraries [23].

YOLOv8 Nano All segmentation, detection, and tracking tasks are realised by
training a lightweight YOLOv8 Nano detector for real-time applications [28]. We
leverage the spatio-temporal labels generated by the FastSAM-ByteTrack anno-
tation loop to construct a specialized training set. For each synthetic frame,
object masks are converted into normalized bounding box coordinates b =
[, Ye, w, A

The YOLOv8n model is optimized using a composite loss function:

‘Ctotal = A1‘Cboa: + /\QLcls + )\3£dfl (4)

integrating Complete-IoU (CIoU) for localization and Binary Cross-Entropy for
classification. Post-training, we evaluate the model’s tracking capabilities using
the BYTE association strategy. The performance is quantified via the Multi-
Object Tracking Accuracy (MOTA):

FN, + FP, + IDSW,)
> GTy

where FFN, FP, and IDSW represent false negatives, false positives, and iden-
tity switches at frame t, respectively. This evaluation validates the quality of
the synthetic data distribution, proving that the distilled knowledge from high-
parameter foundation models can effectively train efficient edge-ready architec-
tures.

MOTA = 1 — 2=t

()

3.3 Reason: agentic workflow supervision

The proposed framework is driven by a Large Language Model (LLM) based
agent that orchestrates the full pipeline, including data generation, annotation,
and the training and evaluation of downstream tasks. This agent operates over
structured representations of the system state, enabling coordinated decision-
making across heterogeneous modules. Given a user-defined objective (e.g., tar-
get performance metrics), the agent iteratively analyzes intermediate results and
triggers appropriate actions, effectively implementing a closed-loop optimization
process over the pipeline configuration. The framework supports both remote
agents and local agents, enabling fully local optimization loops. In order to mit-
igate local hardware memory constraints, local LLMs are loaded in memory
exclusively for this phase, then unloaded.



10 A.P. Placitelli, V.M. Scarrica, A. Staiano

Remote Agent We employ Claude Sonnet 4.6 [2] as a remote agent responsible
for high-level orchestration and strategic decision-making. The model operates
autoregressively over token sequences, modelling the conditional distribution
po(xs | T<t,¢), where ¢ encodes the global system context, including dataset
characteristics, model configurations, metric, and decision histories and evalua-
tion metrics. Acting as a centralized controller, Claude Sonnet 4.6 coordinates
the execution of the full workflow by initiating generation, annotation, and train-
ing phases, and by adapting the pipeline based on observed performance signals.
Its remote deployment enables scalable interaction with the system through an
abstract interface, decoupling high-level reasoning from local computational con-
straints and allowing flexible integration across different environments.

Local Agent As an alternative to the remote controller, we employ DeepSeek-R1-
Distill-Qwen-32B [9] as a local agent for fully local reasoning and fine-grained
control. The LLM is hosted locally and served via llama.cpp HTTP Server [§].
Built on the Qwen2.5-32B architecture, this model is distilled from a teacher opti-
mized via Group Relative Policy Optimization (GRPO), a reinforcement learning
scheme that replaces the actor-critic value estimator with a group-normalized ad-
vantage computed over multiple sampled outputs per query, combined with a KL
penalty against a reference policy to preserve foundational capabilities. The re-
sulting model exhibits strong chain-of-thought behaviour: reasoning trajectories
are encapsulated within dedicated tags and shaped by a reward signal combin-
ing deterministic accuracy checks and structural format constraints. We exploit
these emergent reasoning capabilities to perform rapid iteration over prompt
adjustments and intermediate validation checks, trading the broader context of
a remote model for the privacy and latency benefits of fully local operation.

3.4 Act: record metrics and execute

The final phase involves updating the active configuration by merging the agent-
derived changes, checking if the target metric achieved the desired objective, and
either terminating the loop or executing the planned decision.

4 Results

We evaluate the proposed framework on two downstream tasks: litter detection
and multi-object tracking (MOT). The evaluation was performed on a machine
running Ubuntu 24.04, equipped with an AMD Ryzen 9 3950X processor, 128GB
of DDR4 RAM and an NVIDIA GeForce RTX 4090 GPU with 24 GB of VRAM.
The system supported accelerated computation via CUDA version 12.2.

The marine_litter12 dataset [b] was used as the original dataset for the
detection task (685 images for the train set, 85 for validation). Images in this
dataset have a variable resolution ranging from 512 x 341 up to 5280 x 3956
pixels. An internal video dataset was used for the MOT task (6 videos for the
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train set, 3 for the validation set). All videos have a resolution of 832 x 480 pixels
at 24 frames-per-second.

The evaluation ran for 20 and 10 closed-loop iterations for the detection and
MOT tasks, respectively (see Fig.[]), with a lower maximum number of iterations
for MOT due to the higher time required to synthesize data at each iteration. As
discussed in Section [3] the initial epoch in each experiment serves as a reference
baseline, trained exclusively on real data with no synthetic augmentation.

Detection. The baseline model achieves a mAP50-95 of 0.469. Over 20 closed-
loop iterations, the framework iteratively refines both the synthetic data gener-
ation parameters and the YOLOvVS8 loss weights, reaching a peak mAP50-95 of
0.488 in run 016, a gain of +2.0 percentage points (+4.3% relative). The pro-
portionally larger gain on mAP50-95 versus mAP50 (0.902 — 0.914, +1.2 pp)
suggests that synthetic diversity (i.e., object size, placement, and appearance)
improves the model’s generalization across scales.

Multi-Object Tracking. The baseline achieves a MOTA of 0.759 with 9 identity
switches. The framework improves peak MOTA to 0.778 in run 004 (+2.5%
relative), while reducing identity switches from 9 to 6 at the same configuration.
Detection precision remains consistently high throughout (> 0.97), confirming
that the LTX-2.3-generated sequences annotated via FastSAM and ByteTrack
provide a reliable training signal.

Discussion. Across both tasks, the closed-loop feedback loop yields meaningful
but modest improvement over the real-data-only baseline on the target metrics.
For detection, gains concentrate on mAP50-95, reflecting improved localization
under strict IoU thresholds. For MOT, the optimization finds configurations
that reduce identity confusion in the tracking phase, suggesting that prompt-
level control over object motion dynamics in synthetic video is a meaningful
lever for tracking performance.

5 Limitations

Throughout the experiments, the proposed framework showcased the following
limitations:

— Visual artefacts. The quality of the prompts and the values of the generative
model settings significantly affect the quality of the generated data: impre-
cise prompts can lead to deformed objects or unnatural object morphing in
videos.

— Prompt conceptual drifting. As the agent iterates on the prompt template
used to generate new synthetic data, it occasionally removes important se-
mantic information (e.g., "a single object") or adds undesirable details (e.g.,
"prominently featured among other marine debris"). While this is mitigated
in the system prompt, it occasionally happens, especially with local models.
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Fig.4: Optimization trajectory across closed-loop iterations. (a) Detection:
mAP50-95 over 20 runs. (b) MOT: MOTA and identity switches (IDSW) over
10 runs. Gray dashed lines mark the real-data-only baseline.

— False positive masks. The automatic annotation process can sometimes gen-
erate masks on the background, hindering the training process. While this
is mitigated by discarding the generated data if it is not beneficial to the
target metric, it still can cause a wasted iteration or, worse, a leak in the
unified dataset.

— Hitting token limits. Locally served LLMs occasionally hit the token limit
after initial epochs.

— Local memory bottleneck. The size and the quality of locally served LLMs
are limited by the amount of available GPU VRAM, limiting the adoption
of more capable and bigger LLMs.

6 Conclusions

We presented a closed-loop agentic framework that autonomously generates,
annotates, and optimizes synthetic datasets for the detection and tracking of
emerged marine litter, a domain where annotated data remains critically scarce.

The framework uses a reasoning agent (local or remote) in a LangGraph-
orchestrated pipeline that couples SDXL inpainting and LTX-2.3 video genera-
tion with automated annotation via FastSAM and ByteTrack, closing the loop
through iterative feedback from a downstream task model. Experimental evalua-
tion on both tasks validates the approach: while the target metric is not reached,
the framework is able to improve the chosen metric meaningfully, with the agent
able to tweak relevant tunable settings, including the generative prompt, to close
the gap towards the set objective. Future work will focus on a rigorous compar-
ison of the performances across different local and remote agents, additionally
researching agent prompt effectiveness to further increase the potential target
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metric gains. Further experimentation and research are additionally required on
methods to obtain automatic annotations less susceptible to false positives.

Beyond the numerical gains, this work establishes a reusable blueprint for

data-scarce environmental monitoring domains: by treating model performance
as an optimization signal fed back to generative agents, the framework continu-
ously evolves its own training data without human intervention, offering a scal-
able path toward robust, deployment-ready vision systems for marine pollution
monitoring.
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