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List of Terms and Abbreviations
Abbreviation Meaning

AA Authorship Attribution

AI Artificial Intelligence

AKSA Agent Knowledge Self-Assessment

API Application Programming Interface

AUW Artificial UnrealFire Wildfire Dataset

BERT Bidirectional Encoder Representations from Transformers

BLAZE Blaze Wildfire Dataset

BiseNet Bilateral Segmentation Network

C-LENC Cloud Learning-by-Education Node Community

CIFAR-10 Canadian Institute For Advanced Research Dataset (10
classes)

CIFAR100 Canadian Institute For Advanced Research Dataset (100
classes)

CLIP Contrastive Language–Image Pre-training

CNN Convolutional Neural Network

CNN-I2I Convolutional Neural Network Image-to-Image

CovGI Covariance-based Gradient Œ Input

CovLRP Covariance-based Layer-wise Relevance Propagation

CVPR Computer Vision and Pattern Recognition

DAAM Diffusion Attentive Attribution Maps

DNN Deep Neural Network

DualXDA Dual eXplainable Data Attribution

ECCV European Conference on Computer Vision

EUSIPCO European Signal Processing Conference

ExCEL Extreme Class Embedding Learning

EWS Extreme Weakly Supervised

EWS-M Extreme Weakly Supervised Multiclass

FCL-ViT Feedback Continual Learning Vision Transformer

FCMA Fire Classification Multi-Agent

FID Fréchet Inception Distance

FL Federated Learning

FLAME Fire Luminosity and Aerial Monitoring Evaluation Dataset

Flux / Flux1.dev Flux Diffusion Model (Version 1.dev)

GAN Generative Adversarial Network

GI Gradient Œ Input

GPT Generative Pre-trained Transformer

Grounding DINO Grounding Detection with DINO
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ICCV International Conference on Computer Vision

IEEE Institute of Electrical and Electronics Engineers

IoU Intersection over Union

ISCC IEEE Symposium on Computers and Communications

KD Knowledge Distillation

KPIs Key Performance Indicators

LENC Learning-by-Education Node Community

LLM Large Language Model

LRP Layer-wise Relevance Propagation

mAP mean Average Precision

Mistral7B Mistral 7-Billion Parameter Model

MM-Grounding-DINO Multi-Modal Grounding DINO

Molmo Molmo Vision-Language Model

mIoU mean Intersection over Union

NAS Neural Architecture Search

NASKD Neural Architecture Search and Knowledge Distillation

NDM Natural Disaster Management

OSM OpenStreetMap

OVD Open-Vocabulary Detection

OVS Open-Vocabulary Segmentation

PIDNet Pixel-level Interaction-based Dual Branch Network

Proto-SVDD Prototype Support Vector Data Description

RoBERTa Robustly Optimised BERT Pre-training Approach

RGB RedGreenBlue

SAM-HQ Segment Anything Model High Quality

SDXL Stable Diffusion XL

SEEM Segment Everything Everywhere, All at Once

SVDD Support Vector Data Description

SVM Support Vector Machine

SAM-HQ Segment Anything Model – High Quality

TAB Tunable self-Attention Block

TCP Transmission Control Protocol

TSB Task-Specific Block

TPAMI IEEE Transactions on Pattern Analysis and Machine Intelli-
gence

UaV Unmanned Aerial Vehicle

UI User Interface

UNet++ Nested U-Net

Unreal Engine 5 Unreal Engine (Version 5)

UnrealFire UnrealFire Synthetic Data Pipeline
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UMAP Uniform Manifold Approximation and Projection

VAE Variational Autoencoder

ViT Vision Transformer

VisDrone-DET2019 Visual Object Detection Dataset for Drones (2019)

VLM Vision-Language Model

XAI Explainable Artificial Intelligence

YOLOv6 You Only Look Once Version 6

YOLOv8 You Only Look Once Version 8
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Executive Summary
Deliverable D3.4 "Final report on algorithms for extreme data analytics" is the fourth deliverable
of Work Package 3 (WP3) within the TEMA project. This document encapsulates the research
results of Task T3.5, "Study AI model adaptability to extreme data conditions," conducted be-
tween months M13 and M36. The primary focus of this task is to address the challenges faced
in Natural Disaster Management (NDM) by exploring the adaptability of AI models under ex-
treme data conditions, while also linking to previous research conducted in Tasks T3.1, T3.2, and
T3.3.

Significant advancements have been made in several key areas:

• Synthetic Data Generation: The TEMA project focused on generating high-quality syn-
thetic images to augment datasets for various tasks, including wildfire and flood detec-
tion. This was achieved through the use of advanced diffusion models, which iteratively
refine noise into coherent images, greatly enhancing the representativeness of limited datasets.These
advancements directly support OA2 increasing the accuracy of extreme data analysis algo-
rithms. By enriching training datasets with realistic synthetic imagery, TEMA strengthens
the robustness and precision of detection and segmentation models.

• Zero-shot Learning: The integration of zero-shot models for automatic dataset labelling
has drastically reduced manual annotation requirements while improving the accuracy and
reliability of disaster analysis. This approach facilitates scalable and efficient labelling pro-
cesses, particularly important in the context of rapidly evolving disaster scenarios.These
advancements directly contribute to OA2 increasing the accuracy of extreme data analysis
algorithms. By improving the precision and consistency of labelled datasets.

• Graph-based Frameworks: A novel graph-based learning framework was developed to
unify heterogeneous social media data, improving real-time disaster analysis. This frame-
work allows for better situational awareness by integrating data from various platforms,
such as Twitter and TikTok, to capture the dynamic nature of disasters. These developments
directly support OA2 increasing the accuracy of extreme data analysis algorithms. Through
the structured representation and fusion of multi-platform data, the graph-based approach
significantly improves the precision and contextual relevance of semantic analysis.

• Explainable AI Methods: The development of explainable AI (XAI) methods tailored for
extreme data conditions has enhanced model interpretability and trustworthiness. These
methods include frameworks that guide users in understanding AI decisions, thereby im-
proving reliability in critical scenarios. This work directly contributes to OA1 increasing the
trustworthiness of extreme data analysis algorithms. By delivering advanced, trustwor-
thy AI methods capable of providing rapid and accurate explanations not only for model
predictions but also for the input modalities that most influenced the outcomes.

• Continuous Learning Frameworks: A feedback-based continuous learning system was in-
troduced to enable Vision Transformers to adapt to evolving disaster data. This system
ensures that models retain knowledge from past data while adapting to new incoming in-
formation without performance degradation. These advancements directly contribute to
Objectives OA2 and OA3 increasing both the accuracy and responsiveness of extreme
data analysis algorithms. By maintaining high model precision through adaptive learning
and enabling faster adjustment to changing conditions, the TEMA framework significantly
enhances analytical performance.
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Overall, the deliverable meets or exceeds the key performance indicators (KPIs) and objectives
set for WP3. The results of the research have led to the publication of nine peer-reviewed arti-
cles, and generation of five datasets, contributing to the scientific discourse on the development
of trustworthy, adaptive, and efficient AI systems for extreme data analytics in NDM. As a pub-
lic deliverable, D3.4 not only documents significant research outputs but also plays a vital role
in disseminating TEMA’s achievements in the domain of AI adaptability to extreme data condi-
tions.
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1. Introduction
1.1. Purpose and Scope of the Document
Deliverable D3.4 “Final report on algorithms for extreme data analytics” is the fourth Deliverable
of the third Work Package (WP3) of the TEMA project. The main purpose of this document is to
report the research results of Task T3.5 “Study AI model adaptability to extreme data conditions”
between M13-M36 and their links to the work done on Tasks T3.1 “Explainable and robust an-
alytics“, T3.2 ”Real-time semantic visual analysis and remote sensing”, and T3.3 ”Social media
and text semantic analysis”.
The TEMA research efforts in the time from M13 to M36 were focused on the following areas in
order to improve AI models adaptability and reliability under scarce data scenarios:

• Synthetic image generation for NDM Dataset creation and augmentation.
• Automatic Dataset labelling with Zero-Shot Models.
• Graph-based framework to integrate multi-platform social media data for better real-time

disaster analysis.
• Ground Truth generation on synthetic images through Explainable AI.
• ExplainableAImethods to improvemodel reliability and interpretability under extreme data

conditions.
• Federated learning and knowledge distillation to enable adaptive, collaborative deep learn-

ing for real-time disaster management.
• Feedback-based continuous learning framework that enables Vision Transformers to adapt

to evolving disaster data without forgetting past knowledge.
• AutomatedNeural Architecture Search andKnowledgeDistillation pipeline that builds lightweight,

high-accuracy models for wildfire segmentation under limited data conditions.
• Weakly supervised multi-class segmentation framework that enables accurate disaster

scene analysis using minimal annotations and limited data.

1.2. Structure of the Document
Each subsection of this document outlines the research progress achieved within the TEMA

project between months 13 and 36 (M13M36) for the respective research tasks. Each subsec-

tion 1.) briefly describes the state of the artboth internationally and in relation to TEMAs own

research developmentsand 2.) summarises the research progress made in the TEMA project

during the second reporting period (M13M36).

The remainder of this document is structured as follows: Section 2 summarises themain research
efforts and key outputs in relation to the TEMA objectives. Section 3 presents novel methods ad-
dressing data scarcity in NDM. Section 4 describes the development of explainable AI methods
for extreme disaster data. Section 5 outlines several advanced learning paradigms designed to
enhance the efficiency of AI systems under extreme data conditions. Finally, conclusions are pre-
sented in Section 6.
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2. Summary of the
work carried out

2.1. Facing Data Scarcity on Natural
Disaster Management

Diffusion models have emerged as a key solution to data scarcity in natural disaster scenarios,
enabling the generation of diverse, high-quality synthetic imagery for dataset augmentation and
scenario simulation. By iteratively refining noise into coherent images, they expand the repre-
sentativeness of limited datasets. Integrated within frameworks such as ComfyUI, these mod-
els support flexible pipeline design, parameter optimization, and efficient management of large-
scale image generation processes.

State-of-the-art diffusionmodels, including StableDiffusionXL and Flux1.dev, demonstrate strong
performance in producing high-fidelity, contextually rich imagery even from sparse data. Large
and vision-language models such as Mistral7b and Molmo further enhance this process by gen-
erating descriptive prompts that guide diffusion-based synthesis, ensuring alignment with real-
world disaster conditions. ATOS leverages both text-to-image and image-to-image pipelines:
the former generates extensive synthetic datasets for tasks like flood or wildfire detection, while
the latter modifies existing data to simulate varied conditionsfires, floods, or trapped individu-
alswhile preserving contextual metadata. Through iterative diffusion, inpainting, and upscaling,
these pipelines yield diverse, high-resolution datasets that strengthen model robustness and re-
duce the need for risky data collection.

To overcome wildfire segmentation data scarcity, AUTH developed UnrealFire, a synthetic image
generation and automatic annotation pipeline built on Unreal Engine 5 and AirSim. Real datasets
such as FLAME and Corsican are constrained by safety and environmental variability; UnrealFire
fills this gap by generating photo-realistic UAV-perspective wildfire imagery with pixel-accurate
segmentation masks under diverse conditions. Its key innovation the particle segmentation cam-
era pluginenables accurate 2D projection of dynamic fire particles in segmentation maps, a fea-
ture absent from prior tools. Using UnrealFire, AUTH produced the AUW dataset of 1,700 RGB-
mask pairs, achieving a 91.98%mIoUwhen combined with only 10% of real data, outperforming
Corsican-trained baselines. Style transfer experiments further improved cross-dataset gener-
alization by up to +19.82% mean Intersection over Union (mIoU) through rapid synthetic data
generation and retraining cycles.

The work done by ATOS complements this efforts by labelling data using zero-shot and open-
vocabulary models for automatic annotation. Models such as Grounding DINO, MM-Grounding-
DINO, SAM-HQ, and SEEM provide robust, reproducible baselines for scalable, automated la-
belling of fire and flood imagery. For fire detection, ATOS employs a hybrid approach combining
proprietary YOLOv8 models with open-vocabulary detectors, fusing outputs through Weighted
Boxes Fusion for consistent annotations. For flood segmentation, multi-model fusion generates
precise masks for water, mud, and river regions, mitigating model-specific weaknesses. This
integration of zero-shot labelling drastically reduces manual annotation needs while improving
dataset accuracy and consistency, thereby enhancing predictivemodel performance and the scal-
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ability of disaster-response systems.

In parallel, IT:U addresses the challenge of processing heterogeneous and noisy user-generated
content from platforms such as Bluesky, TikTok, Reddit, Telegram, and Mastodon. Traditional
keyword-based or topic-modelling approaches often fail to capture the spatiotemporal and se-
mantic complexity essential for real-time disastermanagement. To overcome this, IT:U developed
a graph-based framework that unifies semantic and geospatial information, enabling end-to-end
learning of clusters that are both semantically coherent and spatially interpretable. This cross-
platformapproachmitigates data fragmentation, enhancing the robustness of socialmedia-based
disaster monitoring.

Using Hurricane Ian as a case study, IT:U demonstrated that integrating data from multiple plat-
forms improves situational awareness, even as no single source can fully substitute Twitter.
Spatial context-dependent topic modelling revealed stable disaster-relevant themes and their
regional evolution over time, while embedding-based clustering uncovered fine-grained distinc-
tions in the informativeness and actionability of posts. Together, these advances establish a com-
prehensive framework for analysing heterogeneous, sparse, and noisy user-generated data, en-
riching disaster analysis with nuanced, geospatially grounded insights.

2.2. Explainable AI Methods for Extreme
Data Conditions

Diffusionmodels have demonstrated strong capabilities for generating realistic synthetic images,
particularly for natural disaster scenarios such as forest fires. Understanding and interpreting
these models is crucial, as explainability provides a form of pseudo ground-truth for objects like
fire and smoke. By mapping the influence of textual tokens onto image regions, explainable dif-
fusion techniques allow the automatic extraction of bounding boxes and segmentation masks,
supporting the creation of annotated datasets without manual labelling.

State-of-the-art explainability approaches, includingDAAM (DiffusionAttentiveAttributionMaps)
andAttention-Map-Diffusers, convert cross-attentionmechanisms into spatial maps that localize
textual concepts in generated images. DAAM offers a lightweight, training-free solution suitable
for Stable Diffusion and SDXL pipelines, while Attention-Map-Diffusers provides fine-grained
token-to-region attribution compatible with newer high-fidelity models like Flux. Both tools en-
able precise localization of key elements, although Attention-Map-Diffusers demonstrates im-
proved accuracy in segmenting fire and smoke regions.

The explainability pipelines involve processing attentionmapswithGaussian smoothing, K-means
clustering, morphological operations, and contour extraction to highlight and isolate relevant re-
gions. These can be used to generate segmentation masks and bounding boxes. These methods
allow the systematic identification of relevant regions for each token, producing reliable annota-
tions for fire detection datasets. While DAAM provides a straightforward integration and works
well for simple tokens, Attention-Map-Diffusers delivers higher-quality, more localized ground-
truth suitable for advanced model outputs.
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By leveraging explainability in diffusion models, the work done by ATOS establishes a method-
ology for generating synthetic disaster imagery with automated annotations. This approach en-
hances dataset quality, reduces reliance on manual labelling, and enables the creation of training
data that accurately reflects object locations and shapes, forming a foundation for subsequent
detection and segmentation tasks.

Additionally to the work carried out by ATOS for generating synthetic data using XAI on Diffu-
sion models, FHHI pursued its work on generic XAI methods started in Task3.1, while focusing
on XAI methods for handling extreme data conditions as they occur in the context of natural
disaster management. In particular for handling data scarcity, and consequently risks of over-
fitting, FHHI proposed a novel regularization technique based on explanation-guided data aug-
mentation. Similarly, in order to reveal under-represented features due to covariate shift and data
scarcity and retrain a model on consolidated data, FHHI proposes to explain predictive uncer-
tainty of deep learning models by decomposing the uncertainty estimated via a variance over an
ensemble of predictions and taking into account second-order effects, thereby extending clas-
sical first-order explanation techniques, such as Layer-wise Relevance Propagation (LRP) and
Gradient×Input (GI) into more powerful second-order uncertainty explainers (CovLRP, CovGI,
etc.)

Further, in order to improve the detection of data-related issues inside the training data lead-
ing to suboptimal performance, and allow for model debugging, FHHI improved over standard
data-attributions XAI methods based on Influence Functions, through proposing DualXDA, a
method that combines sparse attributions using a linear multiclass SVM, together with feature-
attribution, in order to explain why training samples are relevant for the prediction of a test sam-
ple in terms of impactful features. Besides its high performance on downstream tasks, DualXDA
dramatically improves in terms of XAI computation time w.r.t. state-of-the-art data-attribution
methods.

Moreover, FHHI evaluated the impact of colormap choices for the cognitive load on end users
when visualizing heatmaps, underscoring the fact that interactive interfaces are better adapted
tominimize this load, which is especially helpful for high-stake scenarios, where human decisions
need to be taken rapidly, such as in natural disaster management.

Lastly, FHHImade progress in interpretability-driven shortcut detection and biasmitigation using
concept-based explanations, and improved its concept-based XAI generation pipeline for deliv-
ering near real-time explanations inside the TEMA software platform, fulfilling all target values
that were defined by the KPIS of the TEMA Objective OA1 "Increase trustworthiness of extreme
data analysis algorithms".

2.3. Multiple Learning Paradigms
To enhance adaptability and collaboration among distributed DNN systems, AUTH proposed the
Fire Classification Multi-Agent (FCMA) framework [3]. This architecture integrates peer-to-peer
Knowledge Distillation (KD) and Federated Learning (FL) for collective intelligence across au-
tonomous DNN agents operating in Natural Disaster Management (NDM) scenarios. The system
includes an Agent Knowledge Self-Assessment (AKSA) module employing Likelihood Regret-
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based Out-of-Distribution detection to evaluate each agents competence and trigger collabora-
tive knowledge transfer when encountering unfamiliar or insufficient amounts of data. Experi-
ments on the Blaze dataset demonstrate that peer-to-peer KD improves classification accuracy
by +1.19 percentage points (from 76.31% to 77.50%), surpassing the FL approach. The com-
plete study was presented as a conference paper [3] and is discussed in Section 5.

AUTH addressed the persistent problem of data fragmentation and incremental availability in
real-world disasters through the FeedbackContinual LearningVision Transformer (FCL-ViT) frame-
work [4]. Unlike conventional feed-forward continual learning approaches, FCL-ViT employs
Tunable self-Attention Blocks (TABs) and Task-Specific Blocks (TSBs) that dynamically adjust
attention across tasks via a feedback mechanism, eliminating the need for stored exemplars or
network expansion. This approach enables learning from sequential or limited datasets without
catastrophic forgettingan essential capability when labeled data are sparse or collected incre-
mentally during emergencies. Experimental evaluations on the BLAZE wildfire classification and
CIFAR100 datasets demonstrate that FCL-ViTmaintains stable accuracy across sequential learn-
ing tasks, effectively mitigating catastrophic forgetting. This confirms its capability for sustained
adaptability and long-term generalization under real-world conditions. Detailed results are pro-
vided in Section 5 and the corresponding journal publication [4].

To overcome the constraints of distributed data availability and isolated local learning, AUTH
developed the Cloud Learning-by-Education Node Community (C-LENC) framework. Building
upon the LENC paradigm, the C-LENC framework enables scalable, distributed AI collaboration
across networked nodes. Implemented using containerized Docker-based nodes, C-LENC sup-
ports diverse workflows including federated learning, multi-teacher knowledge distillation, and
distributed inference, all operating in real-time cloud environments. A secure service discovery
protocol allows nodes to autonomously identify peers and exchange knowledge via TCP-based
communication channels. The framework was evaluated on the CIFAR-10 and BLAZE datasets
across four workflows, demonstrating successful distributed learning and inference. The method
allows AI systems to learn collaboratively with reduced computation latency in decentralized,
data-scarce environments. The method is described in Section 5 and in an accepted conference
publication.

To tackle the dual challenges of non-IID data distribution and communication constraints in de-
centralized environments, AUTH introduced Proto-SVDD, a prototype-based federated learning
framework for object detection in UAV-based disaster monitoring. Unlike traditional FL methods
that exchange entire model weights, Proto-SVDD transmits compact, class-wise Support Vec-
tor Data Description (SVDD) prototypes derived from YOLOv6 classification heads, significantly
reducing communication overhead and enhancing privacy. Each client exchanges only SVDD cen-
ters with peers and uses a prototype alignment loss to maintain consistency across decentralized
learners. Evaluations on the VisDrone-DET2019 dataset under non-IID splits show that Proto-
SVDD achieves superior or comparable mAP performance while cutting communication to two
vectors per client per round. The framework is presented in Section 5 and detailed in a technical
report.

To address the limited data and overfitting challenges that arise when training deep models for
wildfire burnt area segmentation, AUTH developed a Neural Architecture Search and Knowledge
Distillation (NASKD) pipeline [5]. Large neural networks trained on limited disaster datasets of-
ten memorize training samples and fail to generalize to unseen events, reducing their reliability in
real-world operations. To overcome this, AUTH combined automated architecture optimization
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(NAS)with teacher-student knowledge distillation (KD) to design compact, high-performing seg-
mentation models tailored to the available data. The proposed pipeline systematically searches
acrossmultipleDNN familiesincludingPIDNet, UNet++, andCNN-I2I BiseNetoptimizing formean
Intersection over Union (mIoU) while minimizing computational cost. Through successive distil-
lation steps, smaller student models inherit the spatial precision and semantic consistency of
larger teacher models. When evaluated on the Blaze dataset [1], the final NASKD configu-
ration achieved a 62.3% reduction in trainable parameters and a +1.02% mIoU improvement
over baseline architectures, enabling real-time deployment in UAV-based wildfire monitoring
systems. The complete method and results are described in Section 5 and in a conference pa-
per.

To address the annotation limitations and data scarcity that hinder large-scale semantic segmen-
tation in Natural Disaster Management (NDM), AUTH developed the Multiclass Extreme Weak
Supervision (MEWS) framework. Traditional weakly supervised segmentation approaches, such
as CLIP-ES and ExCEL, rely on text-based supervision and prompt-derived embeddings, which
often suffer from ambiguity and poor generalization. Building upon the binary Extreme Weakly
Supervised (EWS) paradigm, AUTH extended this approach to multiclass segmentation, en-
abling the discrimination of multiple disaster-related categories - such as flooded regions, debris,
vegetation, and infrastructure - using only a few annotated pixels per class. MEWS integrates
self-supervised DINO feature representations with sparse pixel annotations treated as class pro-
totypes, and introduces a novel margin triplet loss that explicitly models inter-class dependen-
cies while maintaining intra-class consistency. This design ensures stable training and effective
feature separation even with extremely limited supervision. Evaluated on the Cityscapes bench-
mark, MEWS achieved a mean IoU of 61.19%, outperforming both the DINO+Prototypes and
other state-of-the-art weakly supervised baselines. This work facilitates rapid model training
and deployment under limited supervision. The method is detailed in Section 5 and in a technical
report.
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3. Facing Data Scarcity on
Natural Disaster
Management

3.1. Diffusion Models for Natural
Disaster Management

Diffusion models have emerged as a powerful class of generative models [6], particularly for
image synthesis and transformation. In the context of natural disaster research, these models
address data scarcity by generating synthetic data [7], augmenting limited datasets, and sim-
ulating diverse disaster scenarios. As of early 2024, state-of-the-art (SOTA) diffusion models
demonstrate remarkable capabilities, producing high-quality images by iteratively refining ran-
dom noise. Their ability to create diverse and realistic outputs often surpasses traditional gen-
erative adversarial networks (GANs) in both fidelity and variety. Diffusion models can generate
synthetic data, augment small datasets [8], and simulate diverse disaster scenarios, thereby en-
hancing the effectiveness of predictive models and preparedness strategies.

To illustrate their role in disaster-related applications, diffusion models support three main func-
tions:

• Generating Synthetic Data: Diffusion models can produce realistic, high-quality images of
natural disasters from limited datasets. This synthetic imagery expands available data, en-
abling broader coverage of scenarios such as floods, fires, and other natural hazards. By
filling these gaps, synthetic data strengthens predictive models and improves their robust-
ness.

• Data Augmentation: Diffusion models augment small datasets [8] [9] by generating new
samples consistent with the statistical properties of the original data. Augmented datasets
can also lead tomore accurate and reliable predictivemodels for disaster response, enhanc-
ing their ability to forecast and mitigate the impacts of floods, fires, and related events.

• Simulation and Scenario Planning: Diffusion models simulate diverse disaster situations,
providing researchers and emergency responders with visualizations that aid training, pre-
paredness, and response planning. These simulations help organizations anticipate poten-
tial challenges and develop effective mitigation strategies.

3.1.1. Study of the SOTA

Diffusion Models SOTA early 2024

The field of diffusion models advanced significantly throughout 2023 and early 2024, with sev-
eral state-of-the-art (SOTA) models emerging as leaders in image generation. This section re-
views these advancements, focusing on performance metrics and licensing considerations for
Stable Diffusion XL [10], DALL-E 2 [11], Midjourney V5, and Imagen [12].
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During this period, research efforts concentrated on improving the quality, efficiency, and adapt-
ability of diffusion models. The primary objectives were to increase image fidelity and diversity
while addressing practical concerns such as training time and performance under limited data
conditions. Each model offers distinct strengths and limitations, which are reflected in both their
technical benchmarks and their licensing terms. Comparing these models provides valuable in-
sights into their practical applications and suitability across different use cases.

To evaluate these advancements, ATOS conducted a comparative study of the leading models.
Our assessment examined key performance indicators that capture image quality and diversity,
as well as licensing terms that determine their accessibility and use in our use case.

Table 1. PerformanceMetrics and Licensing of Leading Diffusion Models as of Early 2024

Metric Stable Diffusion XL DALL-E 2 Midjourney V5 Imagen

FID Score 8.4 10.2 9.0 11.5

Inception Score 9.1 8.8 9.0 8.5

Training Time (hours) 12 20 15 25

Adaptability to
Scarcity

High Moderate Moderate Low

License
Creative ML

OpenRAIL-M License
OpenAI API

Terms of Service
Midjourney

Terms of Service
Research and Non-

Commercial Use License

Key Performance Indicators:
• FID Score (Fréchet Inception Distance): Lower scores indicate better quality and diversity of

generated images.
• Inception Score: Higher values reflect better quality in terms of the recognition of generated

images.
• Training Time: Represents the computational resources required to train the model effec-

tively.
• Adaptability to Scarcity: Qualitative assessment of how well the model performs when

trained on limited datasets.
Licensing Information for Leading Diffusion Models

• Stable Diffusion XL: Released under the Creative ML OpenRAIL-M License, which allows
both commercial and non-commercial use, with restrictions on harmful applications. Attri-
bution is required, and sharing modifications under the same license is encouraged.

• DALL-E 2: Distributed via the OpenAI API Terms of Service. The model is accessible only
through OpenAIs API. Commercial use is generally allowed, but content restrictions apply
(e.g., no adult or hateful content). Attribution to OpenAI is required.

• Midjourney V5: Operates under the Midjourney Terms of Service. It follows a subscription
model, where personal use is allowed but commercial use requires a separate license. All
users must comply with community guidelines.

• Imagen: Governed by a Research and Non-Commercial Use License. Developed by Google,
Imagen is limited to research contexts and cannot be used commercially without explicit
permission. Attribution to Google is required.

Among these models, ATOS selected Stable Diffusion XL as it stands out as the premier choice
due to its balance of strong performance and flexible licensing. With a Fréchet Inception Dis-
tance (FID) of 8.4 and an Inception Score of 9.1, it consistently delivers high-quality, diverse im-
age outputs, outperforming many competitors. Its adaptability to limited datasets is a crucial
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advantage in real-world applications where data scarcity is common. Furthermore, its permis-
sive yet responsible licensing framework allows both commercial and non-commercial use while
enforcing ethical standards and requiring attribution. This combination of superior performance
and licensing flexibility makes Stable Diffusion XL the most practical and reliable choice for inte-
grating cutting-edge diffusion models into disaster data augmentation workflows.

Advances in Diffusion Models SOTA

From 2024 to 2025, diffusion models continued to advance rapidly, introducing innovative tech-
niques and new architectures that significantly enhanced image generation capabilitiesdevelop-
ments particularly relevant for disaster response applications. This section reviews recentmodels
such as Flux1.dev [13], Stable Diffusion 3 [14], DreamFusion [15], DeepArt, and SynGen, with a
focus on efficiency, scalability, and the ability to produce increasingly complex and high-fidelity
images.

During this period, these models were extensively evaluated and benchmarked. Each introduced
distinct improvements, reflected in their performance metrics and licensing frameworks, offering
insights into their strengths and suitability for different use cases.

Table 2 summarizes the key indicators and licensing terms of these leading models.

Table 2. PerformanceMetrics and Licensing of Leading Diffusion Models as of Early 2024

Metric Flux1.dev Stable Diffusion 3 DreamFusion DeepArt SynGen

FID Score 7.2 8.0 8.0 9.1 10.0

Inception Score 9.4 9.3 9.2 8.9 8.7

Training Time (hours) 10 14 18 22 20

Adaptability to Scarcity Very High High High Moderate Low

License
Open Source

License
Creative ML

OpenRAIL-M License
Commercial
License

Academic Use
License

Proprietary
License

Key Performance Indicators:
• FID Score (Fréchet Inception Distance): Lower scores indicate better quality and diversity of

generated images.
• Inception Score: Higher values reflect better quality in terms of the recognition of generated

images.
• Training Time: Represents the computational resources required to train the model effec-

tively.
• Adaptability to Scarcity: Qualitative assessment of how well the model performs when

trained on limited datasets.
Licensing Information for Leading Diffusion Models

• Flux1.dev: Open Source License, Released under an open-source license supporting com-
mercial and non-commercial use, with emphasis on ethical practices and community con-
tribution. Attribution is required, and modifications are encouraged to be shared.

• Stable Diffusion 3: Creative ML OpenRAIL-M License, Permits both commercial and non-
commercial use, subject to attribution, ethical guidelines, and restrictions on harmful appli-
cations.
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• DreamFusion: Commercial License, Access requires a paid subscription. Designed for pro-
fessional use with commercial provisions, support services, and attribution requirements.

• DeepArt: Academic Use License, Intended for research and academic purposes. Commer-
cial use requires explicit permission. Attribution and community sharing of modifications
are mandatory.

• SynGen: Proprietary License, Commercially oriented with strict access controls and usage
restrictions to ensure ethical deployment.

ATOS evaluated these newer models, and Flux1.dev emerged as the optimal choice for our
applications. With a FID score of 7.2 and an Inception Score of 9.4, it delivers superior im-
age quality and diversity while maintaining strong adaptability under data-scarcity conditions.
These capabilities are essential in real-world scenarios where disaster datasets are often lim-
ited. Furthermore, its open-source license promotes transparency, ethical use, and community-
driven innovation. This combination of high performance, robustness, and permissive licens-
ing makes Flux1.dev the premier model for efficient and responsible integration into our work-
flows.

LLM SOTA early 2024

In the latter part of 2023 and early 2024, several leading Large LanguageModels (LLMs) emerged
as key contenders for generating prompts to guide diffusion models in image creation. This sec-
tion evaluates the capabilities of OpenAIs GPT-4 [16], Googles PaLM 2 [17], Anthropics Claude
[18], and Mistral [19], focusing on their technical strengths and licensing frameworks.

• GPT-4 (OpenAI): A frontrunner due to its vast training corpus and sophisticated architec-
ture. GPT-4 excels at producing detailed, contextually relevant prompts that enhance dif-
fusion model outputs. It is offered under a proprietary license, requiring compliance with
usage guidelines and subscription-based access.

• PaLM 2 (Google): Known for its multilingual breadth and nuanced prompt generation.
PaLM 2 supports diverse and complex image descriptions. It is licensed under a mix of
proprietary and limited open-access terms, which broaden accessibility while restricting
certain commercial uses.

• Claude (Anthropic): Emphasizes safety, interpretability, and ethical alignment. Claudes
prompt generation is designed to reduce harmful or biased outputs, ensuring that diffusion
models align with societal norms. It is distributed under a proprietary license with strict
ethical usage conditions.

• Mistral: A newer but impactful entrant, valued for its lightweight architecture that balances
performance with computational efficiency. Mistral delivers strong prompt-generation ca-
pabilities without requiring extensive resources. Released under an open-source license, it
supports transparency, collaboration, and broad accessibility.

These LLMs stand out for their ability to produce precise, contextually rich prompts that signif-
icantly enhance diffusion model performance. Their licensing terms reflect a spectrum between
proprietary control and open accessibility, shaping how they can be adopted in practice.
ATOS selected Mistral 7B as the preferred model. Its open-source license provides transparency
and deployment flexibility, while its architecture offers a strong balance of model size and perfor-
mance. Crucially, Mistral can be deployed on-premise, aligning with requirements for efficiency,
security, and responsible innovation.
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Table 3. Comparison of LLMs for Image Generation Prompting

Feature GPT-4 PaLM 2 Claude Mistral

Developer OpenAI Google Anthropic Mistral AI

Release Year 2023 2023 2023 2024

Prompt Generation
Quality

High High High High

Multilingual Support Yes Yes Yes Yes

Contextual
Understanding

Excellent Excellent Excellent Very Good

Ethical Considerations Moderate Moderate High Moderate

Resource Efficiency Moderate Moderate Moderate High

Table 4. Licensing Information of LLMs for Image Generation Prompting

License Aspect GPT-4 PaLM 2 Claude Mistral

Type of License Proprietary
Proprietary/
Open Access

Proprietary Open Source

Commercial Use Subscription Plan Restricted Restricted Permitted

Ethical Guidelines Moderate Moderate Strict Moderate

Access Restrictions Yes Partial Yes No

User Guidelines Detailed Detailed Extensive Community-based

Advances in LLM and VLM SOTA

From2024 to 2025, the landscape of Large LanguageModels (LLMs) and Vision-LanguageMod-
els (VLMs) advanced considerably, improving prompt generation, image description quality, and
overall applicability across diverse domains. This section reviews key modelsincluding Molmo
[20], GPT-5 [21], PaLM 3, VisualGPT [22], and ClipText [23]attention to their performance, ca-
pabilities, and licensing frameworks.

• Molmo: A recently developed model with an innovative architecture and advanced training
techniques. Molmo excels at understanding complex prompts and generating contextu-
ally accurate responses. Its strong image description capabilities make it highly effective
for real-world applications. Molmo is released under an open-source license, supporting
transparency, community-driven innovation, and responsible use.

• GPT-5 (OpenAI): The latest iteration from OpenAI, building on its predecessors with ex-
pansive training data and enhanced reasoning. GPT-5 is particularly strong at producing
detailed, contextually rich prompts for image generation. It is available under a proprietary
license, requiring adherence to usage policies and subscription-based access.

• PaLM 3 (Google): Advances multilingual comprehension and prompt generation beyond
its predecessors. PaLM 3 produces diverse and intricate image descriptions, making it a
powerful LLM for cross-lingual applications. It is licensed under a hybrid proprietary/open-
access model, balancing accessibility with commercial restrictions.
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• VisualGPT: Combines LLM and VLM capabilities, excelling in multimodal tasks where both
text understanding and visual generation are required. It can both describe images accu-
rately and generate visual outputs from prompts. VisualGPT is distributed under a propri-
etary license, with usage governed by specific guidelines.

• ClipText: Integrates text and image embeddings, enabling seamless interaction between
modalities. ClipText is particularly effective for generating descriptive content and enhanc-
ing prompt-image alignment. It is licensed under a proprietary framework, requiring com-
pliance with defined protocols.

Table 5 outlines the performancemetrics of leading LLMs and VLMs, showcasing their respective
strengths in prompt generation and image description.

Table 5. PerformanceMetrics of Leading LLMs and VLMs (2024–2025)

Metric Molmo GPT-5 PaLM 3 VisualGPT ClipText

Developer MolmoAI OpenAI Google VisualAI ClipAI

Release Year 2025 2024 2024 2025 2024

Prompt Generation Quality Very High Very High High High High

Image Description Quality Very High High Very High High High

Multilingual Support Yes Yes Yes Yes Yes

Contextual Understanding Excellent Excellent Excellent Very Good Very Good

Ethical Considerations High Moderate High Moderate Moderate

Resource Efficiency High Moderate Moderate High Moderate

Table 6. Licensing Information of Leading LLMs and VLMs (2024–2025)

Metric Molmo GPT-5 PaLM 3 VisualGPT ClipText

Type of License Open Source Proprietary Proprietary Commercial Proprietary

Commercial Use Permitted Subscription Restricted Subscription Subscription

Ethical Guidelines Strict Moderate High Moderate Moderate

Access Restrictions No Yes Partial Yes Yes

User Guidelines Community-based Detailed Detailed Community-based Extensive

After evaluating these advancements, ATOS selected Molmo as the optimal model for our appli-
cations. Molmo combines superior performance in both prompt generation and image description
with a permissive open-source license, enabling transparent, ethical, and community-driven in-
novation. Its multilingual capabilities, contextual understanding, and resource efficiency make it
highly versatile for diverse real-world use cases.

The combination of technical excellence, adaptability, and open licensing positions Molmo as the
best choice for deploying next-generation LLM and VLM technologies effectively and responsi-
bly.
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3.1.2. ComfyUI Image Generation Pipelines

To address the scarcity of natural disaster datasets, ATOS employs ComfyUI[24], an open-source,
node-based interface for designing and managing Diffusion models workflows, to develop ad-
vanced diffusion-based image generation pipelines. Integrating ComfyUI into our workflow en-
ables efficient creation and management of complex image generation processes tailored to dis-
aster data augmentation and simulation.

ComfyUI provides a versatile interface for constructing and controlling image generation pipelines.
Its visual, modular design enables users to configure each stage, adjust parameters, and cus-
tomize outputs with flexibility.

The interface provides a clear visual representation of pipeline components and their interactions.
This visualization clarifies the role of each block, highlights the effects of adjustments, and helps
achieve desired synthetic data outcomes.

• Pipeline Creation and Management: ComfyUI enables us to design and manage custom
pipelines for generating synthetic disaster data. We are able to configure various stages of
the diffusion model process, from initial noise generation to iterative refinement, ensuring
realistic and diverse output images [25].

• Parameter Optimization: The intuitive interface of ComfyUI allows us to experiment with
different parameters and settings, optimizing diffusionmodels to produce high-quality syn-
thetic data that reflects diverse disaster scenarios, thereby enhancing the robustness of
predictive models.

• Integration and Flexibility: ComfyUI’s modular design and support for multiple frameworks
support integration with diverse image generation tools and techniques. This flexibility en-
ables continuous pipeline improvements by incorporating new advancements in diffusion
models and related generative technologies [26].

3.1.3. Text-to-Image Dataset Generation

Text-to-image generation using diffusion models enables the creation of synthetic datasets tai-
lored to specific disaster scenarios. These models gradually transform random noise into coher-
ent images, guided by semantic information extracted from textual prompts. By learning from
large textimage pairs, diffusion models can generate realistic or stylized images aligned with de-
scriptive language.

For disaster response, this capability is particularly valuable: synthetic datasets can augment
real-world data, address underrepresented conditions, and simulate controlled scenarios that
would otherwise be costly or impossible to capture. By expanding datasets efficiently, diffusion-
based generation ensures strong textimage alignment while reducing reliance on manual collec-
tion.
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Mistral prompt + Stable Diffusion XL

To generate synthetic disaster imagery, ATOS implemented a pipeline that integrates Mistral 7B
(LLM) with Stable Diffusion XL (text-to-image diffusion model). Mistral generates rich prompts
describing trial scenarios, such as Finnish forests or Greek and Austrian floods, which are then
transformed into high-quality images by Stable Diffusion XL. A detailed pipeline image can be
found in Appendix A.

Figure 1. Mistral prompt + Stable Diffusion XL pipeline. [credit ATOS]

Pipeline description (Figure 1):

1. LoadDiffusionModels (Blue): Load Checkpoint of stable diffusion XL CLIP and VAE, sends
model and VAE to the diffusion block, and CLIP to the conditioning block.

2. LLMOutput (Grey): Mistral 7Bgenerates descriptive text from the prompt (Different prompts
in Appendix B) forwarded to the Conditioning block.

3. Configuration (Yellow): Seed and Empty Latent Image define size and randomization.

4. Conditioning (Green):

• Positive: Mistral-generated text concatenatedwith fixed keywords (e.g., realistic, highly
detailed, birds-eye view).

• Negative: constant keywords remove unwanted artifacts (cropped, glitch, bad anatomy).

5. Diffusion (Purple): KSampler integrates model, seed, latent image, and conditioning to
synthesize images. VAE Decode transforms latent outputs into final images

6. Output (Orange): Images are previewed and stored in the dataset.

The pipeline produced two synthetic datasets:
• Forest Fire Images: 600 images depicting various forest fire scenarios. These images cap-

ture different stages and intensities of fires, providing a diverse dataset that can be used
for training and testing fire prediction and management models.

• Flood Images: 760 images of floods in different environments, including rural and urban
settings. These images illustrate various flooding conditions, helping improve flood detec-
tion and response strategies.

These synthetic datasets significantly enrich the available training data, enhancing robustness
and accuracy in disaster-response AI. By simulating a wide range of environmental conditions,
they fill critical gaps in real-world datasets and ensure preparedness across diverse scenar-
ios.
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Figure 2. Forest Fire image generatedwith Stable Diffusion XL using the prompt: "Come upwith a description of a realistic

finnish forest fire at dawn." [image generated by ATOS]

Figure 3. Flooded town image generatedwith Stable Diffusion XL using the prompt: "Come upwith a description of a

street in Austria in a rainy day after heavy rain and floods, damaged buildings, trapped cars." [image generated by ATOS]

Molmo Description + Flux dev

In this second pipeline, ATOS used a combination of Molmo (VLM) with Flux.1-dev (diffusion
model) to generate synthetic datasets based on real-world imagery. Historical images of natu-
ral disasters (floods and fires), provided by partners, were used as the basis. Molmo extracted
detailed textual descriptions of each image, which were then used as prompts for Flux.1-dev to
synthesize new images.

For each description, 50 synthetic images were generated. In total, the pipeline produced 550
forest fire images and 500 flood images, recreating and extending the real-world disaster sce-
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narios. A detailed pipeline diagram is provided in Appendix C).

Figure 4. Molmo Description + Flux dev pipeline. [credit ATOS]

Pipeline description (Figure 4):

1. LoadModels (Blue): Load Checkpoint of Flux.1-dev CLIP and VAE. The model and VAE are
directed to the Configuration and Diffusion blocks, while is sent CLIP to the Conditioning
block.

2. VLMOutput (Grey): Molmo-1b analyzes historical disaster images and generates descrip-
tive text prompts (details inAppendix D). These prompts are forwarded to the Conditioning
block.

3. Configuration (Yellow): Seed, Random Noise, Scheduler, and the Empty Latent Image are
defined and sent to the Diffusion block.

4. Conditioning (Green): Converts the text prompt into a guidance parameter for Flux.1-dev.

5. Diffusion (Purple): The sampler integrates model, seed, scheduler, latent image, and con-
ditioning to synthesize outputs. The VAE Decode transforms latents into final images.

6. Output (Orange): Generated images are previewed and stored.

Image description forest fire of Figure 5: The image shows a striking aerial view of a forest af-
ter a recent fire. The landscape is dominated by a vast expanse of green forest, with the trees
appearing lush and vibrant, especially in the foreground. In the center of the image, theres a
large, dense cloud of smoke rising from the forest. This smoke is thick and billowing, creat-
ing a stark contrast against the green backdrop. The smoke appears to be spreading across
the image, likely due to wind currents. To the left side of the image, a body of water is visi-
ble. It could be a lake or a river, and its surface is reflecting the smoke from the forest. This
adds another layer of visual interest to the scene. The layout of the image is quite interest-
ing. The forest dominates the lower portion, while the smoke rises prominently in the center.
The upper part of the image shows more of the surrounding area, including what appears to
be a clear sky. The scene is devoid of any visible human structures or people, which empha-
sizes the raw, untouched nature of the forest. The color palette is predominantly green, with
the smoke providing a stark contrast. Overall, this image captures a powerful post-fire land-
scape, showcasing natures resilience and the immediate impact of wildfires on forest ecosys-
tems.
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(a) Real image of a prescribed fire in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 5. Real origin fire image and synthetic resulting image comparison

Image description flood of Figure 6: The image shows a drone’s-eye view of a flooded rural
landscape after heavy rainfall. The scene is dominated by a muddy river that has swollen to an
unusually wide width, covering much of the visible terrain. The water has a thick, brownish-
yellow hue, indicating significant pollution or sediment content. The river’s banks are lined with
dense green trees on both sides, creating a stark contrast between the lush vegetation and the
muddywaters. The trees appear to be thriving, suggesting this floodingmay be a recurring event
in the area. To the right of the river, there’s a grassy field that’s partially submerged. This field
is dotted with small puddles and patches of standing water, indicating the extent of water sat-
uration in the soil. The sky above is overcast with gray clouds, which adds to the somber and
dramatic atmosphere of the scene. The lack of direct sunlight suggests that the image was taken
during a cloudy day, possibly in the afternoon. The overall layout of the scene is characterized
by the wide, muddy river running through the center of the image, flanked by trees on both sides
and a grassy field to the right. The color palette is predominantly earthy, with various shades
of brown, green, gray, and white dominating the view. This image captures the immediate af-
termath of a flood event, showcasing the dramatic impact of heavy rainfall on rural landscapes.
It provides a unique perspective on how water can transform natural environments, temporarily
turning everyday fields into vast, muddy waters.

The pipeline produced two synthetic datasets:
• Forest Fire Dataset: 550 images recreating historical fire events, capturing environmental

diversity and varying fire intensities.
• Flood Dataset: 500 images simulating historical flood scenarios across rural, urban, and

mixed landscapes.
These datasets not only extend the real-world imagery but also enable the generation of con-
trolled variations of past disaster events. This approach provides valuable synthetic augmen-
tation, improving model resilience by bridging gaps in historical data while maintaining strong
visual realism.

Pag. 34 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

(a) Real image of a flood from the ahrtal region [Credit:
Bavarian Red Cross 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 6. Real origin flood image and synthetic resulting image comparison

3.1.4. Dataset Augmentation Image to Image

Image-to-image generation modifies or enhances an existing image according to a target speci-
fication while preserving the underlying scene structure. Unlike text-to-image, the model starts
from a real image and applies learned transformations, adding objects, changingweather, or sim-
ulating damage. Diffusion-based approaches perform this by iterative denoising conditioned on
the input image, with optional guidance from a text prompt or an auxiliary image.

For disaster-response applications, image-to-image models are especially valuable: they can
synthesize realistic variations of scenes that are rare, hazardous, or impractical to capture in the
field. Examples include injecting fire or smoke, simulating flood extent, or altering environmental
conditions. This method augments datasets without risky data collection, exposesmodels to rare
yet critical conditions, and keeps the augmented outputs closely aligned with the original real-
world context (including geometry, lighting, and metadata). The following subsections detail our
pipelines and resulting datasets.

Montiferru drone image fire augmentation

The pipeline created by ATOS augments a real dataset of 134 drone flight images from the Mon-
tiferru region by adding synthetic fires, while preserving all associated metadata. The approach
ensures the resulting dataset retains geographical and contextual integrity, making it highly suit-
able for location-specific disaster simulations. The full pipeline includes resizing, inpainting, re-
finement, upscaling, and metadata transfer. The location of all the images can be seen on Fig-
ure 7.

Step 1 Image Resizing:
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Figure 7. Map of the original dataset in the Montiferru Region [credit ATOS]

To accommodate hardware constrains during the inpainting model each original drone image
(5280Œ3956 pixels) was reduced to a quarter resolution (1329Œ990).
Steps 2 and 3 Fire Inpaint and Refinement:

The resized images are sent as input to the pipeline (Figure 8) which will inpaint fires in a random
crop of the image and then refined to avoid artifacts. (Detailed pipeline image in Appendix E).

Figure 8. Stable Diffusion XL Inpaint + Flux.1 dev Refinement pipeline [credit ATOS]

Pipeline description for fire inpainting (Figure 8):

1. Load Inpainting Models (Blue): Loads the checkpoints for Stable Diffusion XL, CLIP, VAE
and Foocus Inpaint [27] patch. Send the checkpoints into the Inpaint diffusion block, and
CLIP to the Inpaint conditioning block.

Pag. 36 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

2. Input (Grey): Resized images are passed into the pipeline.

3. Inpaint Conditioning (Green):

• Positive: "Drone image of a burnt area, fire spots, smoke rising, burnt brushes".
• Negative: "Text, watermark, artifacts".

4. RandomMask Generation (Orange): Random square mask that is 10% the size of the im-
age where the fire will be inpainted, this mask is sent to the Crop by Mask block.

5. Crop by Mask (Teal): Extracts the masked crop for the inpainting, this crop is sent to the
Inpaint Diffusion block.

6. InpaintDiffusion (Purple): The sampler adds synthetic fire elements. VAEDecode converts
latent to actual image.

7. Paste by Mask (Dark Blue): Reinserts the inpainted crop into the original image.

8. LoadRefinementModels (Blue): The loading checkpoint of Flux.1-dev CLIP andVAE sends
the model to the Configuration and Refinement Diffusion blocks, VAE to the Refinement
Diffusion block, and CLIP to the Refinement Conditioning block.

9. Configuration (Yellow): Seed, noise, scheduler, and latent image defined, and sent to the
Refinement Diffusion block.

10. Refinement Conditioning (Green): Converts the text prompt into a guidance parameter for
the refinement model.

11. Refinement Diffusion (Purple): The Sampler uses model, seed, guider, sampler, latent im-
age, and conditioning to refine the input image. VAEDecode converts latent to actual image.

12. Output (Orange): Preview and store the refined image.

(a) Real image taken from a drone in the Montiferru region
[provided by RAS]

(b) Augement imagewith fire added using the prompt: "Drone
image of a burnt area fire spots, smoke rising, burnt bushes,

burned and black ground,flames" [image augmented byATOS]

Figure 9. Comparison between real drone image and augmented one

Step 4 Upscaling:

The refined images are upscaled back to the original resolution (5280×3956)usingRealESRGANx4[28]toreducethelossof

Pipeline description of the Upscale step (Figure 10):
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Figure 10. Image Upscale RealESRGAN pipeline [credit ATOS]

1. LoadUpscaleModels (Blue): Loads the checkpoints for RealESRGAN x4 and send it to the
Upscale process block

2. Input (Grey): Load the input images with synthetic fire to upscale

3. Upscale Process (Purple): this block extracts multi-scale features from the low-res image
using deep residual blocks, then progressively upsamples (×2 twice) with sub-pixel con-
volutions. It refines textures with adversarial + perceptual losses, producing a 4× sharper,
more natural-looking image with reduced noise and artifacts.

4. Output (Orange): Preview and store the refined image.

Step 5Metadata preservation:

Original drone metadata (geolocation, altitude, timestamp, camera parameters) was copied to
the corresponding synthetic image, preserving essential contextual information.

The augmentation process not only increases the volume of available data but also ensures that
the data is contextually rich and relevant for real-world applications, while reducing the neces-
sity to do prescribed fires to generate a dataset. This approach enhances the ability of AI mod-
els to generalize from synthetic to real-world scenarios, improving their reliability and effective-
ness.

• Augmented Fire Images: Each of the 134 images was enhanced with synthetic fire ele-
ments, resulting in a comprehensive dataset that demonstrates various fire behaviors and
effects on the landscape. This augmented dataset is crucial for improving fire detection
algorithms and emergency response planning.

• Metadata Preservation: By maintaining the original metadata, the augmented images re-
tain their geographical and contextual information, making themhighly valuable for location-
specific trials and testing of the platform.

This activity directly advances OA2 by providing high-quality, semantically meaningful datasets
for training and validating advanced AI models. The augmented fire imagery introduces realistic
and variable conditionssuch as different smoke densities, flame patterns, and terrain interaction-
sthat strengthen the capacity of semantic analysis algorithms to accurately interpret visual data
under complex and extreme circumstances. By exposing models to these diverse and lifelike vi-
sual scenarios, the resulting algorithms are expected to achieve significantly higher accuracy in
detecting and classifying wildfire events.
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The augmented fire datasets are particularly relevant to the Mediterranean Forest Fires pilot trial
in Sardinia. By replicating realistic wildfire conditions, including smoke, reduced visibility, and
varying terrain effects, the datasets enable more accurate testing and validation of the TEMA
platform. These enhanced data resources help improve situational awareness and decision sup-
port for Civil Protection Authorities (CPAs) and First Responders (FRs), leading to better predic-
tion, detection, and management of wildfire events.

Ahrtal drone image flood augmentation

The pipeline developed by ATOS augments a real drone dataset captured in the Ahrtal region
(Altenahr town) after the floods, enriching it with synthetic floodwaters, debris, and trapped per-
sons while preserving all associated metadata. The dataset consists of 218 real images, whose
locations are shown in Figure 11.

Figure 11. Map of the original dataset in the Ahrtal Region on the Altenahr town [credit ATOS]

To enable processing on available hardware, the imageswere first resized from5184×3888to1296×
972.Theresizedinputswerethenpassedthroughthefloodaugmentationpipeline(Figure 12,detailedinAppendixG).Forthisstep,AT

kontext−devmodel,whichallowsimagemanipulationthroughguidedtextprompts.

Figure 12. Flux.1-kontext-dev flood augmentation pipeline [credit ATOS]
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Pipeline description for flood augmentation (Figure 12):

1. Input (Grey): Load each resized real image into the pipeline.

2. Load Models (Blue): The loading checkpoint of Flux.1-kontext-dev, CLIP and VAE sends
the model to the configuration and diffusion blocks, VAE to the diffusion block, and CLIP to
the guidance block.

3. Configuration (Yellow): Define seed, random noise, scheduler, and latent image from input
pixels, forwarding to the Diffusion block.

4. Guidance (Green): Apply the prompt: The image is seen from above. Change the ground
and streets to be flooded with murky moving water. Change the water in the river to be
murky. Add debris to the water. Add the destruction after a flood.

5. Diffusion (Purple): The sampler applies the model, seed, guider, and latent conditioning to
alter the input image. VAE Decode reconstructs the final image.

6. Output (Orange): Preview and store the augmented image.

(a) Real image taken from a drone in the Ahrtal region
[provided by DLR]

(b) Augement imagewith flood added using the prompt: "The
image is seen from above. Change the ground and streets
image to be floodedwith murky movingwater. Change the
water in the river to bemurky. Add debris to the water. Add
the destruction after a flood." [image augmented by ATOS]

Figure 13. Comparison between real drone image and augmented one

After augmenting all 218 images with floodwaters and debris, the outputs were passed through
the same Upscale pipeline used in the fire augmentation (Figure 10) to restore them to their orig-
inal resolution.

The next augmentation step introduced trapped persons on rooftops to simulate realistic rescue
scenarios. High-resolution crops of random roofs were extracted and modified with Flux.1-fill-
dev. The processed crops were then reintegrated into the full image (Figure 14, detailed in Ap-
pendix H). An example can be seen on Figure 15 of a person standing on a roof on the bottom
right of the image.

Pipeline description for person inpainting (Figure 14):
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Figure 14. Flux.1-fill-dev people inpaint pipeline [credit ATOS]

1. Load Models (Blue): The loading checkpoint of Flux.1-fill-dev, CLIP and VAE sends the
model to the configuration and diffusion blocks, VAE to the diffusion block, and CLIP to the
guidance block.

2. Input (Grey): Load each resized image.

3. Conditioning (Green): Apply the prompt: person standing on a roof.

4. Roof Mask Generation (Orange): Detect a roof region using a zero-shot detector and gen-
erate a square mask.

5. Crop by Mask (Teal): Extract the roof crop defined by the mask.

6. Inpaint Diffusion (Purple): Use the model, conditioning, and cropped input to inpaint a
person onto the roof. Decode with VAE.

7. Paste by Mask (Dark Blue): Insert the modified crop back into the original image.

8. Output (Orange): Preview and store the refined image.

(a) Real image taken from a drone in the Ahrtal region
[provided by DLR]

(b) Augement imagewith flood and a person traped on a roof
using the prompt: "person standing on a roof" [image

augmented by ATOS]

Figure 15. Comparison between real drone image and augmented onewith inpainted person
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Finally with all the augmented images rescaled back to their original size and added some per-
sons trapped on the buildings, ATOS proceed to copy the metadata from the original images to
the upscaled and augmented images.

• Augmented Flood Images: Enhanced 218 images with synthetic flood elements, debris,
and trapped persons, creating a realistic and diverse dataset that captures various post-
flood conditions. These images are instrumental in training models for flood impact as-
sessment and rescue operations.

• High Resolution and Metadata Integrity: By maintaining the original metadata, the aug-
mented images retain their geographical and contextual information, making them highly
valuable for location-specific trials and testing of the platform.

The augmented datasets provide a rich resource for developing and testing AI models aimed at
flood prediction, impact assessment, and emergency response. By simulating realistic disaster
scenarios, these datasets help bridge the gap between limited real-world data and the extensive
data needs of modern AI systems.

This work directly supports OA2 (Increase accuracy of extreme data analysis algorithms) by pro-
viding high-quality, semantically enriched visual datasets that enable the development and vali-
dation of novel AI-based semantic analysis algorithms. The inclusion of realistic flood elements,
debris, and trapped individuals enhances the representativeness and diversity of the data, allow-
ing models to better learn complex visual patterns associated with extreme events. As a result,
these algorithms are expected to significantly improve their accuracy in detecting and interpret-
ing disaster-related visual content from social media and other data sources

The realistic synthetic data enables training and testing of models under conditions similar to
those in the first pilot trial and other flood-prone regions of Germany. This supports the flood
response teams (FRs) by improving the automatic identification of flooded areas, accessibility of
settlements, and detection of affected personscritical aspects for mission planning and timely
emergency response during regional flood events.

3.2. UnrealFire: Synthetic annotated
image creation pipeline for
wildfire segmentation

Wildfire Image Segmentation Datasets SOTA

Existing wildfire image segmentation datasets, such as FLAME [29] or Corsican [30], constitute
significant benchmarks in nearly every wildfire image region segmentation or wildfire flame de-
tection system utilizing Deep Neural Networks (DNNs), for Natural Disaster Management (NDM)
purposes. While DNN models exhibit commendable accuracy when tested on these datasets,
they do not generalize well due to real-world factors, such as the environmental conditions and
3D terrain structure of the aforementioned datasets. Real wildfire image datasets will always
be limited by the fact that prescribed fires for data collection purposes must be contained and
not be situated near flammable materials, considerably restricting the variety of 3D scenery that
can be captured, and limiting their applicability in real-world conditions. The most commonways
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for synthetic image creation are game engines (e.g., Unreal Engine, Unity) or generative machine
learning models [31] (e.g. GANs, Diffusion models). These methods can produce high-quality
images, but many of them cannot produce accurate segmentation maps or any at all. Existing
plugins for game engines like AirSim [32] or CARLA [33] come with some limited segmentation
map generation functionalities. With current methods, it is not possible to project particle or
transparent objects into the 2D annotation maps. This severely limits the use cases and types of
synthetic images that can be created, as most liquid, gas, or plasma objects need to be rendered
as particle objects to capture their swiftly changing shapes.

Advances beyond SOTA

AUTH proposes UnrealFire, a method that leverages the cutting-edge capabilities of Unreal En-
gine (UE) 5, along with AirSim, and Procedural Content Generation tools (PCG). Through Unreal-
Fire, AUTH can generate ’unlimited’ pre-annotated wildfire images from a UAV perspective. The
method with more details is described in a conference paper [34]:

Evangelos Spatharis, Christos Papaioannidis and Ioannis Pitas, "UnrealFire: Synthetic annotated
image creation pipeline for wildfire segmentation", IEEE International Conference on Image Pro-
cessing Workshop, IEEE ICIPW 2025

The main contribution of the paper is the creation of the particle segmentation camera plugin by
modifying the source code of AirSim. Traditionally, fire objects are not registered in the default
segmentation camera of AirSim, as it does not support the 2D projection of transparent objects
without a set 3D mesh. To this end, AUTH created a particle segmentation AirSim camera. This
process involved creating a new custom Post Process Material to get the semantic segmentation
map of fire particles. The new Post Process Material loads the captured image from the G-Buffer
at a stage where transparent objects (e.g., fire) were not rendered, as well as the final image RGB
scene. Subtracting the first from the latter results in an image where the only colored pixels are
those from transparent objects, in this case, fire particles. Adding this Post Process Material to a
new AirSim camera positioned at the exact point where the RGB camera enables us to generate
the binary segmentation map, containing pixels where there is fire and pixels that are not colored
accordingly. The complete pipeline is illustrated in Fig. fig. 16.
AUTH has used it to create 1700 RGB image - segmentation mask pairs. In our first set of ex-
periments, we train the PIDNet [35] medium with AUW data, while at times augmenting with
images from the Corsican dataset at various percentages (1%, 2%, 5%, 10%, 25%, 50%, 75%).
Testing was performed on the Corsican test set, and the results are illustrated in Table 7. Results
highlighted in red correspond to experiments where combining AUW with a subset of Corsican
training data yields a higher mIoU / Fire IoU than using only Corsican data. Bolded entries denote
the top-performing result in each experiment. When the training set consists of AUW synthetic
images and more than 10% of Corsican images, the Mean Intersection over Union (MIoU) and
Fire Intersection over Union (IoU) are better than the benchmark Corsican. Using both the AUW
and Corsican training sets results in a 2% increase in test accuracy vs the benchmark one.
In another experiment, AUTH tested the potential of FLAME, Corsican, and AUW for style trans-
ferring and cross-dataset accuracy. To perform the style transfer, we used StyleID [36]. In table 8,
we see that style transferring between the 2 real datasets did not improve the cross-dataset ac-
curacy. However, styling either the real dataset with an image fromAUW, increased the achieved
MIoU. The achievedMIoUwith the styled FLAME test set increased 4%, surpassing even the best
mIoU that PIDNet trained on Corsican could achieve when tested on FLAME. In the case of the
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Figure 16. Our proposed UnrealFire pipeline for the creation of the annotated synthetic images using themodified version

of AirSimwith our particle segmentation camera.

Table 7. Results on the test set of Corsican. AUW represents our synthetic training dataset. AUW+X% represents

training with our synthetic training set combinedwith images from the Corsican training set. 75% represents the whole

Corsican training set.

Training Dataset Fire IoU mIoU

Corsican 86.95 91.60

AUW 45.07 65.86

AUW + 1% 78.17 86.06

AUW + 2% 81.33 87.99

AUW + 5% 83.80 89.49

AUW + 10% 87.52 91.98

AUW + 25% 87.22 91.82

AUW + 50% 87.80 92.14

AUW + 75% 89.35 93.18

styled Corsican test set, there is an 18% increase in Fire IoU, surpassing the results of train-
ing with FLAME. The ability of our synthetic dataset to improve through styling stems from the
more general nature of the images, which include better-structured wildfires without any highly
specific effects (e.g., saturation, focal length, etc.), and is able to adapt better to other domains.

3.3. Automatic Data Labelling
using Zero shot models

As highlighted in previous sections, addressing data scarcity in natural disaster scenarios re-
quires not only generating datasets but also ensuring that these datasets are properly labelled to
maximize their usefulness. High-quality annotations are crucial for enhancing the performance
of predictive models, yet the lack of labelled data remains a significant barrier to progress. To
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Table 8. Results on cross-dataset validation accuracy. + styling represents that the validation set was styled according to

the training set.

FLAME Validation Corsican Validation

Training Dataset Fire IoU mIoU Fire IoU mIoU

FLAME 83.40 91.66 58.05 69.38

Corsican 26.63 62.88 91.60 86.95

AUW 46.81 73.27 45.07 65.86

FLAME + styling - 43.63 65.03

Corsican + styling 11.34 55.45 -

AUW + styling 50.82 75.27 63.79 77.01

overcome this challenge, this chapter explores the use of zero-shot models as a means of au-
tomating the data labelling process. Specifically, ATOS investigated open-vocabulary detectors
for fire detection and open-vocabulary segmenters for flood segmentation, both of which can
accurately identify and annotate relevant features without requiring prior task-specific exam-
ples.

Zero-shot learning (ZSL) provides a promising pathway by enabling models to generalize and
recognize classes they have not explicitly encountered during training. Leveraging this capa-
bility allows us to automate the labelling process and enrich the quality of datasets generated
with the methods introduced in earlier chapters. Furthermore, because labelling tasks do not re-
quire real-time inference, we can prioritize models that maximize output quality over processing
speed.

By integrating zero-shot models into the data preparation pipeline, ATOS reduces the depen-
dence on costly manual annotation and enabling more scalable, efficient, and reliable disaster
response systems.

3.3.1. Study of the SOTA

Since 2023, research in open-vocabulary detection (OVD) and segmentation (OVS) has advanced
rapidly, driven by large-scale pretraining and promptable architectures. For open-vocabulary
detection, Grounding DINO [37] has emerged as the dominant baseline. Accepted to ECCV
2024, it integrates grounding pretraining with strong detection backbones, achieving state-of-
the-art results across benchmarks such as LVIS and ODinW. Its reproducibility and extensibility
have been enhanced through the MMDetection [38] ecosystem, particularly via MM-Grounding-
DINO, which provides standardized training and inference recipes. Together, Grounding DINO
and MMDetection represent the core reference point for OVD research since 2023.

On the segmentation side, multiple frameworks have established themselves as benchmarks
for open-vocabulary and promptable segmentation. The Segment Anything Model (SAM) [39]
demonstrated universal, prompt-driven segmentation, and its high-quality extension, SAM-HQ
[40], presented at NeurIPS 2023, has become widely used for more precise mask generation.
Building on the trend of generality, SEEM (Segment Everything Everywhere, All at Once) [39]
introduced a multi-modal and multi-task segmentation framework. The initial release, SEEM
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v0, already showed strong zero-shot segmentation performance, while SEEM v1 added multi-
object interactive segmentation, consolidating its role as a strong open-vocabulary segmentation
benchmark.

Beyond these, two other frameworks frequently appear in recent comparisons. OpenSeeD [41]
(ICCV 2023) presented a unified approach to both open-vocabulary detection and segmentation,
simplifying pipelines by sharing representations. ODISE [42] (CVPR 2023) leveraged diffusion
models to push forward open-vocabulary panoptic segmentation, achieving strong results on
ADE20K and COCO Panoptic. Collectively, SEEM v1, SAM-HQ, OpenSeeD, and ODISE represent
the central reference points for OVS benchmarks since late 2023.

Finally, comprehensive analyses such as the TPAMI 2024 [43] survey byWang et al. have consol-
idated the landscape of OVD and OVS, systematizing taxonomies, benchmarks, and evaluation
practices. In practice, researchers reporting new results since 2023 are expected to compare
against Grounding DINO for detection, and SEEM v1 and SAM-HQ (often in conjunction with
OpenSeeD or ODISE) for segmentation. This combination defines the state of the art in open-
vocabulary vision systems.

Table 9. Summary of representative open-vocabulary detection (OVD) and segmentation (OVS) models since 2023,

including task, benchmarks, highlights, and license.

Metric Grounding DINO
(ECCV 2024)1

MM-Grounding-DINO
(MMDet)1

SAM-HQ
(NeurIPS 2023)1

SEEM v0 / v1
(2023)1

OpenSeeD
(ICCV 2023)1

ODISE
(CVPR 2023)2

Task OVD OVD OVS OVS OVD + OVS OVS

Benchmarks
LVIS,

ODinW,
COCO

LVIS,
ODinW

COCO,
ADE20K

COCO,
RefCOCO,
ADE20K

LVIS,
COCO-Panoptic

ADE20K,
COCO-Panoptic

Highlights SOTA zero-shot
detection

Reproducible
config pipeline

High-quality
promptable masks

Promptable,
multi-object
interactive

segmentation

Unified
detection &

segmentation
framework

Diffusion-aided
panoptic

segmentation

1. Apache 2.0: permits commercial use, modification, and distribution.
2. CC BY-NC-SA 4.0: allows non-commercial use with attribution and share-alike requirements.

For our experiments on forest fire and flood imagery, ATOS selected SEEM v1, SAM-HQ, Ground-
ingDINO, andMM-Grounding-DINO for generating detections and segmentations. Thesemodels
were chosen both for their strong zero-shot and open-vocabulary performance, which ensures
robust labelling across diverse and previously unseen environmental scenarios, and for their per-
missive open-source licenses (Apache 2.0). This combination allows us to leverage state-of-the-
art capabilities while maintaining transparency and reproducibility. By integrating these models,
ATOS can achieve high-quality annotationswithminimalmanual effort, ensuring consistency and
reliability across our dataset of natural disaster imagery.

3.3.2. Labelling Process

The open sources models for the labelling process are shown on the Table 10, Additionally we
employ our current proprietary fire & smoke, and forest fire YOLOv8 models. on the fire labelling
task.
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Table 10. Summary of selectedmodels for labelling detections and segmentations, including checkpoint, download URL,

andmodel size.

Metric Grounding DINO SAM-HQ MM-Grounding-DINO SEEM v1 SEEM v0

Checkpoint groundingdino_swinb
_cogcoor.pth

sam_hq_vit_h.pth
mm_grounding_dino
_large_o365v2_oiv6
_goldg.safetensors

seem_focall_v1.pt seem_focall_v0.pt

Download URL Grounding DINO releases SAM-HQ vitH MM-Grounding-DINO large SEEM v1 focall SEEM v0 focall

Size 900 MB 2.6 GB 1.4 GB 1.4 GB 1.4 GB

Fire Detection Labels

To label the fire in the generated images, ATOS employs a combination of proprietary models
specifically designed for fire detection and Open vocabulary models. In the initial phase, we uti-
lize our Fire and Smoke general detector alongside our proprietary Forest Fire detector models,
both of which are built upon the YOLOv8 architecture. These models are tailored to identify var-
ious fire-related features in images, ensuring a robust detection capability.

Following the initial detection process, ATOS incorporate two open vocabulary detection models,
Grounding Dino and MMDET. These models enhance our labelling process by providing addi-
tional insights and improving the accuracy of the fire detection across a broader range of scenar-
ios. Since this entire labelling process is conducted offline, we take advantage of the flexibility
to implement slower and multiple models, allowing for a more comprehensive and thorough
dataset labelling.

Finally, to consolidate the results obtained fromeachmodel, ATOSutilizes the repositoryWeighted
Boxes Fusion [44]. This method allows us to effectively combine the outputs from our proprietary
models and the open vocabulary detectors into a cohesive final output merging the bounding
boxes from the different models based on their confidence scores. By fusing the results, ATOS
ensures that the labelled dataset is both accurate and reliable, and also addressing the gaps that
each model could have in their training data. This approach enhances the overall quality of the
dataset while being completely autonomous, eliminating the need for human labelling and sig-
nificantly increasing the efficiency of the data preparation process.

This labelling process was applied to the forest fire dataset generated in Section 3.1.3, the out-
put labels for each image are stored in COCO format [45].The Figure 17 shows the image #520
of the forest fire dataset, in Figure 18 on it are different labelling outputs provided by each of
the models. In this case all of the models properly detect most of the fires in the image, but
combining the results ATOS makes sure that every fire on the image is detected as seen in Fig-
ure 19.

Other example of the labelling process can be seen on Figure 20 of image #4 of the same
dataset, in this case each of the models detect a different subset of the fires on the images
as seen on Figure 21. This case demonstrates the usefulness of the approach on filling the
gaps of the detections of each of the models. The resulting fusion of labels can be seen on
Figure 22.
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Figure 17. Image #520 of the Forest Fire dataset [image created by ATOS]

(a) Fire detections using Grounding Dinomodel [image
created by ATOS]

(b) Fire detections usingMMDETmodel [image created by
ATOS]

(c) Fire Detections using Proprietary General Fire and Smoke
Model [image created by ATOS]

(d) Fire Detections using Proprietary Forest Fire Model [image
created by ATOS]

Figure 18. Fire Detections provided by the different models for Image #520 of the Dataset
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Figure 19. Fused fire detections for image #520 [image created by ATOS]

Figure 20. Image #4 of the Forest Fire dataset [image created by ATOS]
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(a) Fire detections using Grounding Dinomodel [image
created by ATOS]

(b) Fire detections usingMMDETmodel [image created by
ATOS]

(c) Fire Detections using Proprietary General Fire and Smoke
Model [image created by ATOS]

(d) Fire Detections using Proprietary Forest Fire Model [image
created by ATOS]

Figure 21. Fire Detections provided by the different models for Image #4 of the Dataset

Figure 22. Fused fire detections for image #4 [image created by ATOS]
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Flood Segmentation Masks

To generate the segmentation labelling on the generated images, ATOS employs a combination
of open vocabulary models to increase the accuracy of the results by merging their outputs. The
first pair of models we apply are Grounding DINO, which acts as an open vocabulary detector
able to identify bounding boxes around the regions that correspond to the desired class; and
SAM-HQ, which effectively segments the desired classes related to flooding around the bound-
ing boxes. With these two models ATOS obtains an initial segmentation.

Then we apply two different versions of SEEM (v0 and v1), multimodal open vocabulary detec-
tors and segmentators. These models are able to provide segmentation masks for the desired
classes. On all of the models we select the classes "water," "flood," "mud," and "river" that rep-
resent the various concepts of the floods present on the images. This multi-modal approach
combined with the proper class selection permits us to generate several segmentation masks for
the floods.

The final step involves merging the segmentation mask produced by each model and class to
address the gaps in the outputs of each individual model. This fusion process enhances the ac-
curacy and detail of the final segmentation mask, while reducing the influence of each model
gaps. Although these open vocabulary models have higher inference times, this limitation does
not affect us during the labelling process, as it is performed offline. By leveraging this collabo-
rative approach, ATOS achieve a higher quality segmentation that is both reliable and efficient,
significantly improving our ability to generate a flood scenarios dataset without the need for hu-
man intervention during the labelling process.

The labelling process for flood segmentation was applied to the flood dataset generated in Sec-
tion 3.1.3, for each image a black andwhite imagewas generated, with thewhite region detailing
the presence of flood on the image. On Figure 23 there is an image #124 from the flood dataset,
an example of the process is shown. On Figure 24 are the results for each class using Ground-
ing Dino + SAM-HQ, for all of the four classes part of the desired region is segmented. Similar
outputs can be seen on both version of SEEM as shown on Figure 25 and Figure 26. The mask
generated from the merger of results can be seen on Figure 27.

Another example of the flood segmentation can be seen on image #217 of the dataset Figure 28.
In this case for the Grounding Dino + SAM-HQ only the class mud produced a segmentation for
part of the flood on the bottom left of the image Figure 29b. The SEEM v0 segmentations for all
the classes cover most of the flood on the image, but leave some gaps on the small parts on the
right side Figure 30. Lastly the SEEM v1 segmentation for the class water did cover the small
regions on the right side, however the other classes did not produce any segmentation Figure 31.
The final mergedmask can be seen on Figure 32, which shows the benefits of using this approach
to get a detailed and accurate segmentation.
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Figure 23. Image #124 of the Flood dataset [image created by ATOS]

(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "flood". [image created
by ATOS]

(c) Flood Segmentation for the word "mud". [image created by
ATOS]

(d) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 24. Segmentation masks using Grounding Dino and SAM for the image #124 of the Dataset
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(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "flood". [image created
by ATOS]

(c) Flood Segmentation for the word "mud". [image created by
ATOS]

(d) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 25. Segmentation masks using SEEM v0 for the image #124 of the Dataset

(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 26. Segmentation masks using SEEM v1 for the image #124 of the Dataset
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(a) Fused segmentation masks for Image #124 of the Flood
dataset. [image created by ATOS]

(b) Segmentation mas for Image #124 of the flood dataset.
[image created by ATOS]

Figure 27. Overlay of the segmentation mask and output mask for Image #124

Figure 28. Image #217 of the Flood dataset [image generated by ATOS]
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(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "flood". [image created
by ATOS]

(c) Flood Segmentation for the word "mud". [image created by
ATOS]

(d) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 29. Segmentation masks using Grounding Dino and SAM for the image #217 of the Dataset

Pag. 55 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "flood". [image created
by ATOS]

(c) Flood Segmentation for the word "mud". [image created by
ATOS]

(d) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 30. Segmentation masks using SEEM v0 for the image #124 of the Dataset

(a) Flood Segmentation for the word "water". [image created
by ATOS]

(b) Flood Segmentation for the word "river". [image created by
ATOS]

Figure 31. Segmentation masks using SEEM v1 for the image #217 of the Dataset
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(a) Fused segmentation masks for Image #217 of the Flood
dataset. [image created by ATOS]

(b) Segmentation mas for Image # 217 of the flood dataset.
[image created by ATOS]

Figure 32. Overlay of the segmentation mask and output mask for Image #217
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3.4. HandlingExtremeDataConditions in
User-generated Data

Asper the project’s necessity to stringently connect thework carried out in T3.3 (geo-socialmedia
analytics) with T3.5 (adaptation to extreme data conditions), IT:U investigated the adaptability of
the geo-social media analysis methodologies to extreme data conditions. User-generated con-
tent in disaster scenarios often exhibits extreme variability, sparsity, and noise. Addressing these
challenges is critical for high-quality outputs from the TEMA GeoAI research activities. It is also
crucial to provide useful information targeted to the needs of the TEMA users in the trials, as well
as to future users of the TEMA platform.
To handle these issues of extreme variability, sparsity, and noise, IT:U has investigated methods
that explicitly leverage the latent semantic structure, spatiotemporal context, and cross-platform
diversity of socialmedia posts, enabling amore nuanced understanding, extraction and prediction
of relevant disaster information.

3.4.1. Study of the SOTA

User-generated data, particularly from social media platforms, presents unique challenges for
disaster management due to its inherent heterogeneity, noise, and extreme sparsity in certain
contexts. State-of-the-art methods for analysing such data have leveraged a combination of
textual, visual, spatial, and temporal information to enhance situational awareness [46].
A range of scholarly works have utilized topic modelling to reveal latent thematic structures
within large volumes of user-generated texts (e.g., social media data) [47, 48]. However, the
resulting topic representations are rarely contextualized with additional data modalities. Early
efforts to analyze geo-social textual media in a multimodal setting typically employed sequen-
tial workflows, wherein each modality was processed in isolation through distinct modules [49].
While these methods have demonstrated utility in various applications, their modular and lin-
ear design often hinders the ability to capture complex interdependencies between modalities.
Furthermore, this sequential structure can introduce dependencies between processing stages,
rendering the overall output sensitive to the order in which analyses are performed. More recent
approaches introduced advancements toward integrating multiple modalities such as time, geo-
graphic space, semantic topics, and sentiments in the analysis of socialmedia [50]. However, they
still depend on numerous isolated components and fragmented intermediate processing steps,
falling short of delivering a truly end-to-end processing methodology. Nonetheless, the inherent
heterogeneity of the input modalities adds to the complexity of the task: text is symbolic and se-
quential, while location data is numeric and geospatial, often resulting in misaligned feature rep-
resentations and inconsistencies during fusion. The lack of a unifiedmachine learningmodel con-
strains cross-modal interactions and introduces fragile interdependencies, whereby variations in
preprocessing or processing order can significantly impact both performance and interpretability.
Relevance classification has also emerged as a critical step in disaster-related geo-social me-
dia analysis, aiming to distinguish informative posts from noise [51]. Traditional approaches
rely on keyword-based filtering [52, 53] or unsupervised topic modelling [54, 55], while more
recent methods use supervised deep learning models such as Convolutional Neural Networks
(CNNs), transformer architectures including Bidirectional Encoder Representations from Trans-
formers (BERT) and Robustly Optimised BERT Pre-training Approach (RoBERTa), and graph-
based neural networks [56, 57, 58, 59, 60]. Multimodal approaches that integrate textual and
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visual content have further improved the accuracy of relevance and informativeness classifica-
tion, particularly in cases where text alone may be ambiguous or sparse [58, 61, 60]. These
techniques, however, typically consider spatial and temporal context only as post-processing or
secondary features, limiting their ability to fully capture the dynamics of disaster-related user-
generated content.
In parallel, while geo-social media has become an important tool for disaster management, re-
search has overwhelmingly focused on Twitter, with far fewer studies examining other social
media platforms such as TikTok, Instagram, Facebook, or Telegram [62, 63, e.g.]. Existing work
on these alternative platforms typically relies on small datasets, qualitative methods, or manual
annotation, often overlooking spatial or temporal dynamics [64]. Consequently, there remains a
significant gap in understanding how non-Twitter platforms can support disaster response and
recovery at scale.
Furthermore, recent research has increasingly emphasized the need to contextualize geo-social
media analyses within physically meaningful spatial frameworks. Most studies on flood-related
geo-social media have relied on administrative boundaries, which only loosely align with hydro-
logical processes and thus limit spatial interpretability. For instance, Havas and Resch demon-
strated that integrating semantic features with spatial and temporal context enhances the inter-
pretability of social media data and supports situational awareness during disasters [65]. Further,
Hanny and Resch introduced a unified multimodal framework that jointly embeds textual and
geospatial information, enabling the identification of spatially coherent and semantically mean-
ingful clusters in disaster-related content [66]. Yet, these approaches generally remained con-
fined to national or urban scales and did not address transboundary dynamics or the alignment
of online discourse with physical flood basins.
IT:U has addressed the above limitations by integrating spatiotemporal context with textual fea-
tures in a unified graph-based framework, enabling the joint analysis of semantic, spatial, and
temporal dependencies in disaster-related online communication. In addition, IT:U developed
methods for collecting and analysing disaster-related data across multiple social media plat-
forms, improving the handling of heterogeneous user-generated content. IT:U also introduced a
watershed-based analytical framework that aligns online discourse with the physical processes
of the 2021 Central European floods by linking BERTopic-derived semantic clusters with hydro-
logical and socio-environmental indicators. The research further explores substructures within
relevance classes and semantic topics, revealing distinctions in the informativeness and action-
ability of posts.

3.4.2. Graph-based Learning for Social Media Data

Previous research has emphasised the significant role of geo-location data in social media anal-
ysis, particularly in understanding and monitoring large-scale phenomena like natural disasters
through geo-referenced content frommicro-blogging platforms [65]. While semantic topic mod-
elling has been widely adopted to uncover latent thematic structures in large volumes of user-
generated text, these methods often lack integration with additional data modalities such as
geo-location. Early multimodal approaches employed modular, sequential workflows, process-
ing each modality independently through distinct analysis stages. While these workflows have
been useful, they often fail to capture the complex interdependencies between modalities and
are highly sensitive to the order in which each modality is processed, limiting their ability to offer
a truly unified, end-to-end solution [49].
To overcome these limitations, IT:U investigated a novel methodology for multimodal geospa-
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tial machine learning that jointly embeds both semantic and geospatial information in a unified
graph-based space. This approach employs end-to-end learning with a composite loss function
to generate clusters that are both semantically coherent and spatially interpretable. The model
constructs a unified multimodal embedding space where diverse data types, including text, geo-
location, and optional temporal or emotional signals, are integrated into a shared representation.
Nodes in the graph represent embeddings of user-generated posts, while edges capture rela-
tional signals such as semantic similarity, geographic proximity, and user connections. This de-
sign allows the model to process multimodal interactions in a context-aware manner, ensuring
that the relationships between the different data types are effectively captured.
At the heart of IT:U’s methodology is an unsupervised artificial neural network that aggregates
information from neighbouring nodes via a modified message-passing mechanism, with the ag-
gregation process scaled according to edgeweights. A key innovation of our approach is the com-
posite loss function, which is inspired by reference-less clustering evaluation techniques [66].
This loss function integrates three objectivescontrastive, coherence, and alignment. The con-
trastive component ensures that semantically similar nodes are pulled closer in the embedding
space, while dissimilar ones are pushed apart. The coherence objective encourages the formation
of well-defined clusters by maximising intra-cluster similarity and inter-cluster separation. The
alignment term stabilises the learning process by ensuring that each node remains close to the
centroid of its assigned cluster, thereby enhancing representational consistency. By incorporat-
ing these objectives directly into the learning process, the model is able to discover clusters that
are not only semantically meaningful but also spatially coherent. The approach outperforms ex-
isting baselines in terms of topic coherence, spatial compactness, and interpretability, providing
a scalable and principled framework for multimodal social media analysis. Moreover, the geo-
graphically fine-grainedmultimodal clusters generated by themodel align closely with observed
disaster impacts, showcasing the practical value of this methodology in real-world applications.

3.4.3. DataAcquisition fromHeterogeneousSocialMedia
Platforms

IT:U explored diverse social media data sources to address the growing fragmentation of on-
line platforms and the need for multi-social media platform integration in disaster management.
While X (Twitter) has historically dominated geo-socialmedia research, amongst others due to its
openly accessible Application Programming Interfaces (APIs) [67], recent restrictions on data ac-
cess have made it necessary to investigate alternatives. To address this reduced data availability,
IT:U has developed a cross-platform framework incorporating Bluesky, TikTok, Reddit, Telegram,
and Mastodon to evaluate their suitability for disaster-related situational awareness. This work
directly responds to three key research gaps: the limited assessment ofmultilingual keyword tax-
onomies for consistent crawling across heterogeneous platforms, the unclear platform-specific
differences in content relevance and geospatial granularity, and the underexplored potential of
cross-platform integration for generating better information for disaster management.
The social media platforms differ substantially in both crawling requirements and geotagging
capabilities. TikTok provides a research API with rate limitations, Reddit is primarily accessed
through archival datasets [68, 69], Telegram requires explicit following of channels for crawling
[70], Mastodon demands distributed queries across decentralised instances [71], and Bluesky
relies on the federated AT Protocol [72]. Geotagging support is similarly uneven: TikTok allows
manual location tagging of videos [73], Telegram enables static and live geolocation sharing
[70], and Mastodon supports geotags through the ActivityPub protocol [71], whereas Reddit
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and Bluesky lack native geotagging, requiring reliance on geoparsing [68, 72, 74]. Accordingly,
IT:U reseaching on a combination of keyword-based queries, crawling strategies, and text-based
geoparsing to extract location mentions.
This heterogeneous landscape illustrates the methodological challenges of collecting and har-
monising user-generated content across structurally diverse platforms, while also pointing to
opportunities for data fusion for identifying signals to enhance the robustness of disaster moni-
toring.

3.4.4. AnalysingAlternativeGeo-socialMediaDataSources

As an initial step toward the cross-platform data acquisition framework described above, IT:U
first conducted an empirical study to evaluate the suitability of alternative social media platforms
for disaster-related GeoAI research. This early work provided the conceptual andmethodological
basis for the later multi-platform integration approach. The study presented in [64] analysed four
platforms - TikTok, Reddit, Telegram, and Mastodon - by developing workflows to extract and
geoparse posts and comparing their spatial and temporal patterns to established Twitter data.
For this, Hurricane Ian was used as a case study. Figure 33 illustrates the data collection and
processing workflow employed in the study.

Figure 33. Overview of study workflow. The logos of the social media platforms are taken fromWikimedia Commons.

Data collection for Hurricane Ian spanned September 20 to October 10, 2022, with Twitter serv-
ing as the benchmark due to its historical dominance in geo-social media research. TikTok pro-
vided 168,761 posts via its Research API, though data access was limited by rate restrictions,
delayed availability, and exclusion of videos and most comments. Reddit data was retrieved
from archival dumps, yielding 31,187 submissions and 169,861 comments filtered by hurricane-
related content. Telegram and Mastodon, accessed through snowball crawling and API queries
respectively, produced very large, highly noisy datasets (over 50 million Telegrammessages and
more than 1millionMastodon posts), though both platforms posed challenges due to chat-based
structures and limited filtering options. Since none of the platforms provided explicitly geo-
tagged posts, a geoparsing approach was applied to extract location mentions from text content
via spaCy and subsequently geocode them via Nominatim, an open-source geocoder based on
OpenStreetMap (OSM). This further reduced dataset sizes, often returning coarse or inaccurate
locations, though most posts still concentrated on Florida and other southeastern U.S. states.
The results showed that while no single platform can fully replace Twitter due to limited spatial
accuracy and real-time coverage, TikTok and Reddit in particular can provide valuable comple-
mentary data. Correlation analyses showed that TikTok and Reddit data were most similar to
Twitters spatial distribution (see Figure 34), while Telegram and Mastodon had weaker coverage
and lower overlap. Temporally, all platforms peaked in activity on September 28-29, aligning
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Figure 34. Comparison of spatial distribution of georeferenced posts on 100km hexagonal grid.
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with the hurricane’s landfall, with high cross-platform correlations confirming relatively consis-
tent disaster-related posting patterns. The study thus shows that combining multiple platforms
can improve situational awareness in disastermanagement and calls for the development ofmore
accurate geoparsing methods to make non-geotagged platforms more useful for future research.

3.4.5. Spatial Context-dependent Topic Modelling

To support TEMAs objectives of improving the trustworthiness, accuracy, and responsiveness of
extreme data analytics, IT:U explored how spatially contextualised topic modelling can enhance
the interpretation of social media data during disasters. Traditional topic modelling approaches
often ignore spatial context, causing semantically similar discussions from different locations or
phases of an event to be mixed and reducing interpretability. By linking semantic information
to hydrological and environmental conditions, the approach yields faster, more reliable insights
into public reactions and needs throughout flood events. Specifically, IT:U processed more than
14,400 georeferenced tweets through a pipeline of language translation, disaster-related clas-
sification, and machine-learning-based topic modelling (BERTopic). This enabled the extraction
of stable, flood-relevant themes such as Heavy Rain, Damage, Help to Victims, and Climate Cri-
sis, and allowed us to trace their temporal evolution across varying environmental and societal
contexts. Figure 35 illustrates how dominant topics shifted across regions, reflecting both the
immediate physical impacts of the floods and the subsequent social responses.
By aligning these semantic patterns with the timing of the flood event and with watershed-
level characteristics, we were able to systematically reduce noise and highlight meaningful spa-
tiotemporal structures in the data. This integration revealed where conversations were driven
by acute environmental stressors, such as heavy rainfall or infrastructure disruption, and where
they instead reflected post-disaster solidarity or broader political discourse. Figure 36 further
demonstrates how topic distributions varied with hydrological and socio-environmental factors,
underscoring the value of contextualisation in making sense of highly variable social media data.
The results demonstrate how immediate, event-driven topics closely aligned with rainfall and
flood extent in upstream regions, while post-disaster topics reflecting solidarity and volunteer-
ing arose mainly in downstream or less-affected areas. Basin-specific topics such as Rhine Flood
or Meuse Flood persisted across borders, while broader political or climate discussions concen-
trated in urban downstream environments. This shows how integrating semantic and spatial
analysis helps to disentangle noisy user-generated data streams and translate them into action-
able insights.
In doing so, the study illustrates how extreme variability in social media data can be handled
not by suppressing it, but by contextualising it-linking digital traces to hydrological and socio-
environmental conditions. This methodological advance provides a pathway toward more robust
monitoring and coordination during extreme weather events, particularly in transboundary river
systems where risks and responses are inherently interconnected.
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Figure 35. Dominant topics per region
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Figure 36. Geo-social media topic occurrences across different societal and environmental contexts.

3.4.6. Substructures of Relevant Disaster Content

Building on the state-of-the-art, IT:U has further advanced methods for assessing the relevance
of disaster-related social media content, which is often noisy, multilingual, and unevenly dis-
tributed. The focus was on uncovering the underlying semantic structure of such data to better
distinguish relevant from irrelevant information and support more accurate event understand-
ing. Using a multilingual, georeferenced dataset spanning five major disasters, IT:U generated
multiple embedding configurations with TwHIN-BERT-base [75] and applied diverse pooling
and dimensionality-reduction strategies. Embedding diagnostics, measured via cosine similarity
and the Hopkins statistic [76], revealed that CLS-token-pooled embeddings with Uniform Man-
ifold Approximation and Projection (UMAP) dimensionality reduction [77] exhibited the strongest
clusterability, reflecting a coherent semantic organisation suitable for downstreamanalysis. These
configurations enabled the application of seven complementary clustering algorithms, uncov-
ering both pure clusters dominated by a single relevance label and mixed clusters containing
semantically similar posts spanning multiple labels (Fig. 37). This dual pattern illustrates how
conventional relevance classes may obscure finer distinctions in content, highlighting the value
of unsupervised latent structure analysis in extreme, sparse data settings.
Additionally, IT:U introduced a second-stage subtopic induction pipeline that combines BERTopic
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(a) Pure cluster: dominated by a single label, with subtle internal
variation.

(b) Mixed cluster: label boundaries less distinct, with cross-label
semantic groupings.

Figure 37. 2D UMAP visualisations of two clusters from the best-performing configuration (CLS+UMAP + spectral, k=5)

colored by human annotations. These plots illustrate our motivation for applying BERTopic in the next step to uncover

coherent subtopics within each cluster.

withGenerative Pre-trained Transformer (GPT)-based labelling to produce interpretable, human-
readable summaries of cluster substructures. Thisworkflow revealed coherent semantic subtopics
within both pure and mixed clusters, capturing nuanced differences in informativeness and ac-
tionability that standard relevance labels fail to distinguish. In parallel, our experimentswith spa-
tiotemporal decay transformations demonstrated that inverse temporal decay applied to proxim-
ity features improves relevance prediction metrics, including macro F1 and accuracy. Collectively,
thesemethodological advances provide a robust framework for processing heterogeneous, noisy,
and sparse user-generated data, enabling more granular semantic interpretation, enhanced pre-
dictive performance, and better handling of extreme data conditions in disaster scenarios.
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4. Explainable AI Methods for
Extreme Data Conditions

4.1. XAIofDiffusionmodelsasGroundTruth
As discussed on 3.1, diffusion models generate highly realistic images through the iterative de-
noising of randomnoise. Thesemodels have demonstrated strong potential for creating synthetic
datasets for natural disasters, such as forest fire detection.

A key requirement for their practical adoption is explainability: the ability to interpret the mech-
anisms behind image generation and to identify where and how specific concepts (e.g., fire,
smoke, flood) are represented in the outputs. In this context, explainability acts as a ground truth
provider, automatically localizing objects within generated images. Because diffusion models
rely on well-defined token-to-visual mappings, explainability techniques can extract bounding
boxes or segmentation masks directly from the generative process, reducing the need for manual
annotation.

4.1.1. Study of the SOTA

Explainability on Diffusion models SOTA early 2024

In 2023, explainability for text-to-image diffusion models advanced significantly with the intro-
duction of DAAM (Diffusion Attentive Attribution Maps). DAAM transforms cross-attention sig-
nals into token-level heatmaps, localizing where each prompt word is represented in the image.
By aggregating and upsampling attention across the U-Net denoising process, DAAM produces
word-region attributions competitive with segmentation-style probes.
Integrated seamlessly with Stable Diffusion, DAAM serves as a practical baseline for prompt ex-
plainability. For wildfire imagery, it allows the automatic extraction of masks or bounding boxes
for the token fire, enabling dataset annotation with minimal human effort. Importantly, cross-
attention maps stabilize early in the sampling process, meaning that single-step or lightly ag-
gregated maps are sufficient for reliable results [78].

Alongside DAAM, 2023 early 2024 saw a wave of cross-attention based control mechanisms
that also provide explainability signals. GLIGEN incorporates explicit grounding (text plus bound-
ing boxes) into pre-trained diffusion backbones, while training-free layout guidancemethods bias
cross-attention during sampling to place tokens within user-specified boxes. Both approaches
reveal strong wordregion alignment in attention maps [79]. Attend-and-Excite employs atten-
tion interventions to correct missing objects and improve attribute binding, again relying on the
tokenpixel channels visualized by DAAM [80]. In practice, these tools form a spectrum: DAAM
provides attribution and bounding boxes from a plain prompt (fire); GLIGEN or layout guidance
enables explicit placement of objects; and attention-control methods aremost useful for complex
prompts or underrepresented objects. Collectively, they represent the state-of-the-art toolkit for
generating wildfire datasets and extracting reliable fire bounding boxes directly from the gener-
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ative process.

Table 11. Comparison of Explainability Methods for Diffusion Models: 2023 to Early 2024

Metric DAAM GLIGEN Attend-and-Excite

Explainability
Approach

Cross-attention
heatmaps

Text + bounding box
grounding

Attention interventions
during sampling

Strengths
Direct token-to-region

mapping; simple,
training-free

Explicit control
over object placement;

strong word-region alignment

Fixes missing objects;
improves attribute binding;

interpretable via
attention channels

Use Case for
Wildfire Imagery

Extract masks/bounding
boxes for

"fire" and "smoke";
baseline attribution

Place fire explicitly
in a scene;
useful for

layout-controlled datasets

Ensure accurate
generation of
fire regions

in complex prompts;
improve coverage of

underrepresented objects

Among the three approaches, DAAM stands out as the most suitable method for ATOS purpose
of generating synthetic wildfire datasets. Its main advantages are:

1. Training-free and lightweight: DAAM does not require additional training or architecture
modifications, which simplifies integration with pre-trained Stable Diffusion models.

2. Direct explainability: By converting cross-attention into token-level heatmaps, DAAM di-
rectly identifies regions corresponding to fire or smoke. This makes it possible to extract
masks or bounding boxes without manual annotation.

3. Sufficient precision: Cross-attention maps stabilize early during sampling, so single-step
or lightly aggregated maps are accurate enough for dataset generation, reducing compu-
tational overhead.

4. Scalable formultiple objects: DAAMcan handlemultiple simple tokens (like fire and smoke)
in the same prompt, providing separate bounding boxes for each concept, which is crucial
for building diverse datasets.

While GLIGEN and Attend-and-Excite provide stronger control over layout, this is less critical for
our task, where the goal is annotating generated objects for detection models rather than enforc-
ing composition. Thus, DAAM is the most efficient and reliable method for extracting ground-
truth annotations from synthetic wildfire imagery.

Advances in Explainability of Diffusion Models SOTA

Explainabilitymethods continued to evolve through 2024, focusing on enhanced visualization, in-
terpretability, and control of cross-attention mechanisms. These advancements improved trans-
parency in image generation and allowed closer inspection of how textual prompts map onto
visual features.

Among the current tools, attention-map-diffusers [81] stands out for its practical approach to
cross-attention visualization. Built on Hugging Faces Diffusers library (v0.32.0), it enables de-
tailed inspection of how individual tokens influence different regions of generated images. Its
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support for multiple models including Stable Diffusion 3.5, Flux-dev, and Flux-schnellcombined
with batch processing and the ability to save attention maps at specific layers and timesteps,
makes it particularly well-suited for tasks requiring precise localization of generated features.

Conversely, Diffusers-Interpret [82] enhances the Diffusers framework by offering a comprehen-
sive, step-by-step analysis of the diffusion process. While it also visualizes attention maps, its
primary focus is on interpreting the contributions of different model components to the final out-
put. This makes Diffusers-Interpret especially valuable for researchers seeking a more holistic
understanding of model behavior, rather than extracting spatially precise features.

Self-Attention Diffusion Guidance [83] takes a different approach by using attention maps to ac-
tively guide the generation process. By leveraging self-attention signals to influence the diffusion
steps, it aims to improve the fidelity and coherence of generated images. Unlike attention-map-
diffusers or Diffusers-Interpret, which are primarily diagnostic, this method directly intervenes in
generation, making it particularly useful when high-quality synthesis is critical.

Finally, InterpretDiffusion [84] introduces architectural modifications to allow the model to self-
discover interpretable components within the diffusion process. By identifying and visualizing
meaningful structures, it provides insight into the models internal decision-making, offering a
complementary perspective to attention-based analysis tools. While less focused on token-level
spatial mapping, it excels in revealing high-level structural reasoning within the model.

Table 12. Comparison of Explainability Tools for Diffusion Models SOTA

Metric
Attention-Map-

Diffusers
Diffusers-Interpret

Self-Attention

Diffusion Guidance
InterpretDiffusion

Focus Cross-attention
visualization

Model interpretability Sample quality
enhancement

Self-discovery
of interpretable
components

Key Features
Batch operations,
timestep/layer
specific maps,

model compatibility

Step-by-step
diffusion analysis,

attention visualization

Utilizes self-attention
maps for guidance

Architecture adaptation
for interpretability

Use Case in
Wildfire Detection

Extracting bounding
boxes for "fire"

and "smoke" tokens

Understanding diffusion
process for

synthetic dataset
generation

Improving fidelity
in generated

wildfire images

Identifying meaningful
structures in

wildfire imagery

Among the available explainability solutions, Attention-Map-Diffusers emerges as themost suit-
able choice for ATOS wildfire detection dataset generation. Built on Hugging Faces Diffusers
library (v0.32.0), it ensures compatibility with the latest features and optimizations. Its support
for multiple models including Stable Diffusion 3.5, Flux-dev, Flux-schnell, and SDXLprovides
flexibility in model selection, which is particularly relevant for our work as discussed in previous
chapters. Batch processing capabilities allow for efficient handling of multiple images simulta-
neously.

A key advantage of Attention-Map-Diffusers is its ability to extract attention maps at specific
layers and timesteps, offering detailed insights into the spatial alignment between textual to-
kens and generated image regions. Additionally, its design emphasizes ease of integration with
existing workflows, minimizing setup time and complexity. These features collectively make
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Attention-Map-Diffusers especially effective for extracting precise bounding boxes for fire and
smoke tokens, directly supporting the creation of annotated datasets for training detection mod-
els.

In the broader context of diffusionmodel explainability, approaches vary in their focus: Attention-
Map-Diffusers provides fine-grained token-to-region attribution suitable for localization tasks,
Diffusers-Interpret offers stepwise component-level analysis, Self-Attention Diffusion Guidance
improves image quality via attention-driven interventions, and InterpretDiffusion uncovers high-
level interpretable structures. For our specific application generating wildfire datasets with ac-
curate fire and smoke annotations using Flux and SDXL model families Attention-Map-Diffusers
stands out due to its combination of spatial precision, model compatibility, and straightforward
integration.

4.1.2. Explanations on Diffusion Models

Explainability on SDXL using DAAM

DAAM is compatiblewith ComfyUI, allowing for seamless integration into the generation pipeline
detailed in the previous chapter. To accomplish this integration we changed the Sampler and Clip
Text encode blocks with DAAM compatible ones, which provide the heatmaps per tokens gen-
erated through the diffusion, Also it is added the DAAM Analyzer block which provide the final
explanation per token (Detailed pipeline on Appendix I). Utilizing these pipelines, we can extract
explanations for specific tokens, such as ’fire’ and ’smoke,’ in the context of forest fires. An exam-
ple is illustrated in Figures fig. 38 and Figure 39, where lighter regions on the heatmap indicate
greater relevance of the corresponding token during the diffusion process.

Figure 38. Generated image using SDXL and DAAM explanations with the prompt: "realistic forest fire with rising smoke

and flames as seen from the air" [image generated by ATOS]
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(a) Explanation heatmap for the token "fire" on the diffusion
steps [image generated by ATOS]

(b) Explanation heatmap for the token "smoke" on the
diffusion steps [image generated by ATOS]

Figure 39. Generated explanations using DAAM and SDXL

With the explanation heatmaps ATOS is able to postprocess this images in order to filter out the
noise and extract the regions with most impact for the corresponding token and the resulting
bounding box. The first step is to suppress high-frequency noise and enhance the robustness of
segmentation, a Gaussian blur is applied. This step ensures smoother intensity transitions and
mitigates the influence of spurious variations in pixel values. After the noise reduction, the im-
age is transformed into a one-dimensional vector representation of pixel intensities, to then do
a K-means clustering with K=2, under the assumption that the image can be decomposed into
foreground and background regions. Upon convergence, the cluster assignments are reshaped
into the original spatial dimensions, resulting in a preliminary segmentation of the image. The
brighter cluster is selected as the foreground, and a binary mask is generated. To refine this
mask, morphological operations are employed. A closing operation is utilized to eliminate small
holes within the detected regions, and an opening operation removes isolated noise artifacts.
Afterwards, a connected component analysis is performed, and regions below a minimum area
thresholds are discarded to ensure that only significant regions are kept. Finally Contour extrac-
tion is subsequently applied to the refined mask, enabling the computation of a bounding box
that encloses all detected regions. The detailed algorithm is in appendix J. The resulting bound-
ing boxes for the previous example can be seen on Figure 40 and Figure 41 for the tokens fire
and smoke correspondingly.

(a) Resulting Segmentation for the token "fire" [image created
by ATOS]

(b) Resulting Bounding box for the token "fire" [image created
by ATOS]

Figure 40. Generated segmentations and bbox for the token "fire"

Using this explanation the fire segmentation encompasses all the flame spots on the generated
image, though it also takes part of the smoke, the resulting bounding box encompasses the fire
properly if it was considered just one object in the image. The results for the smoke are more
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(a) Resulting Segmentation for the token "smoke" [image
created by ATOS]

(b) Resulting Bounding box for the token "smoke" [image
created by ATOS]

Figure 41. Generated segmentations and bbox for the token "smoke"

lackluster, the segmentation only covers part of the smoke on the image, and accordingly the
resulting bounding box is not useful as ground truth.

The application of DAAMwithin SDXL generation pipelines effectively elucidates which parts of
the image each token influences during generation. However, the resulting segmentations and
bounding boxes currently lack the detail and utility to be considered reliable ground truth for
synthetic images. Nevertheless, further advancements in this area of explainability could yield
the desired results in the near future.

Explainability on Flux.1-dev using Attn-Map-Diffussers

Attn-Map-Diffusers is incompatible with ComfyUI, preventing straightforward integration into
the existing pipelines outlined in the previous chapter. The benefits is that ATOS can apply ex-
plainability to recent models like Flux.1-dev which provide a higher quality and fidelity of the
generated images. To generate the images ATOS created a script where Flux pipeline is defined,
the first step is to load the text encoder (T5EncoderModel) that handles prompt tokenization and
representation. Then load the Flux transformer model that would take care of the image gen-
eration. ATOS defines the prompt for the image "A fire in a forest with rising smoke as seen
from a drone". We generate the image using the pipeline and finally save the attention maps of
all the tokens on the input prompt. The resulting image is displayed in Figure Figure 42, while
the explanation attention maps for the tokens ’fire’ and ’smoke’ are shown in Figure 43. In these
maps, brighter spots indicate higher attention from the model during the diffusion steps for the
respective tokens.

ATOS applied the same algorithm to extract the segmentation and bounding boxes from the pre-
vious section (Appendix J) on the generated attention maps for "fire" and "smoke". The results
can be seen on fig. 44 for fire, and Figure 45 for the smoke. There is an improvement on the
segmentations for the concepts in comparison to the DAAM explanations; the regions for both
the fire and smoke are more localized to the actual position on the image where they are present.
These results could be used as a ground truth for synthetic images with the only caveat that the
prompts that allow this explanations need to be brief and concise in order to get understandable
explanations. For longer prompts the outcome of the attention maps are disperse and does not
provide useful information.
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Figure 42. Generated image using Flux.1-dev and Attn-Map-Diffussers explanations with the prompt: "A fire in a forest

with rising smoke as seen from a drone" [image generated by ATOS]
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(a) Explanation heatmap for the token "fire" on the diffusion
steps [image created by ATOS]

(b) Explanation heatmap for the token "smoke" on the
diffusion steps [image created by ATOS]

Figure 43. Generated explanations using Flux.1-dev and Attn-Map-Diffussers

(a) Resulting Segmentation for the token "fire" [image created
by ATOS]

(b) Resulting Bounding box for the token "fire" [image created
by ATOS]

Figure 44. Generated segmentations and bbox for the token "fire"
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(a) Resulting Segmentation for the token "smoke" [image
created by ATOS]

(b) Resulting Bounding box for the token "smoke" [image
created by ATOS]

Figure 45. Generated segmentations and bbox for the token "smoke"
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4.2. GenericXAIMethodsforExtremeData
Conditions

Data available in natural disaster management is often characterized by extreme data conditions,
such as visual data scarcity, covariate shift, underrepresented features or biases, mislabeled sam-
ples, posing significant challenges for real-time and trustworthy explainable data analytics. To
tackle those challenges, FHHI has developed various generic XAImethods that explicitly leverage
second-order uncertainty explanations, explanation-guided regularization, dual data attribution
using multiclass kernel SVMs as surrogates for deep learning models, along with evaluating the
cognitive load of explanation visualizations for end-users in critical scenarios, expending upon its
previous work from Tasks T3.1 and T3.3, which was already described in Deliverables D3.1 and
D3.2. Hence in this Deliverable D3.4 we mainly focus on novel accepted publications and new
preprint works not yet described as such in those previous Deliverables, and corresponding to
the current time period M31-M36. Additionally, during this time period, FHHI further optimized
its concept-based explanation pipeline to enable near real-time explanations of the predictions
of segmentation and detection models inside the TEMA platform, matching all XAI-related KPIs
as defined by Objective OA1 "Increase trustworthiness of extreme data analysis algorithms".

4.2.1. A second-order XAI method for explaining
predictive uncertainty

SOTA

High predictive uncertainty occurs for instance when using an ensemble of predictors in the con-
text of data scarcity, which prevents the models in the ensemble from reaching a consensus on
what the actual prediction should be [85]. While understanding a models prediction in terms of
input features has been tackled extensively within the field of Explainable AI, with many suc-
cesses, e.g., in image classification with methods such as Grad-CAM [86] and LRP [87], the ex-
planation of predictive uncertainty has received little attention so far.

Advances beyond SOTA

FHHI contributes a new method to the problem of explaining uncertainty for the common case
where it is estimated as the variance over an ensemble of predictions. This novel method pro-
posed by FHHI, which was published in the Journal of Pattern Recognition in 2025 [88], accounts
for second-order effects and is applicable to general neural network structures, including highly
nonlinear ones, and integrateswith existing explanation frameworks such as LRP [87], Integrated
Gradients (IG) [89] and Shapley Values [90]. High predictive uncertainty commonly arises when
a model makes predictions for data points dissimilar from the observed training data [85]. Such a
covariate shift may be caused by measurement biases or insufficient and unrepresentative train-
ing data collection, i.e., in the case of data scarcity. As a consequence of insufficient training data
collection, some input features may remain underrepresented at training time. When these fea-
tures appear at test time, themodel is ill-prepared to interpret the end-user to precisely diagnose
what ismissing in the current data and, their effect on the prediction task. Thus, themodel predic-
tion is unreliable, and predictive uncertainty is high. In this case, explaining predictive uncertainty
in terms of underrepresented features can enable subsequently, gather additional training data to
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improve themodel. In the FHHI’s publication [88] it was shown that the newuncertainty explana-
tion is able to reveal underrepresented high-level features at test time and that retraining on a

consolidated dataset reduces uncertainty attributed to the originally underrepresented feature.
The theoretical derivation of the proposed method leads to a general scheme for computing un-
certainty explanations, namely a covariance over an ensembles individual classical explanations.
Thus it allows to systematically transform classical first-order explanation techniques (such as
LRP, GI, etc.) into more powerful second-order uncertainty explainers (CovLRP, CovGI, etc.). In a
quantitative evaluation [88] the high performance of the proposed approach was demonstrated,
with CovLRP achieving the highest explanation accuracy as evaluated by a feature-flipping ex-
periment, outperforming classical LRP as well as a number of other competitive baselines.

4.2.2. Explanation-guided regularization as a novel data
augmentation

SOTA

Training deep learning models generally requires vast amounts of high-quality data, which may
be unavailable in real-world applications such as natural disaster management, due to high an-
notation costs. Consequently, overfitting is a common challenge, where biases or regularities
specific to the training set are reflected by the model, resulting in bad generalization to unseen
examples. However, acquiring more training data tends to be difficult and expensive. For this
reason, data augmentation techniques are commonly employed to mitigate overfitting. These
techniques introduce variations in training data, thereby artificially enlarging the available data
and effectively regularizing the model to learn more robust representations. Among the vari-
ous data augmentation strategies, "occlusion" is a prominent technique that typically focuses on
randomly masking regions of the input during training. Besides, most of the existing methods
such as Random Erasing [91], Mixup [92], CutMix [93] emphasizes randomness in selecting and
modifying the input features, instead of regions that strongly influence the model decisions.

Advances beyond SOTA

FHHI therefore introduces "Relevance-driven Input Dropout" (RelDrop), a novel XAI-guided tech-
nique that augments data by masking (currently) relevant input features. The proposed method
can be efficiently applied during training, requiring only one additional backward pass per batch.
In a recent preprint by FHHI from 2025 [94], its effectiveness was shown in the context of 2D
image and 3D point cloud classification. In particular, it doubles the improvement inaverage test

accuracies over various random data augmentation baselines, demonstrating the increased ro-
bustness and generalization ability of the resultingmodel. The key idea behind the newmethod is
to leverage XAI attributions as a signal to guide data augmentation, as these attributions provide
amore informed approach to examine how augmentations affect model predictions. By removing
or occluding (currently) important features, RelDrop indeed aims to force the model to base its
inference on a larger number of features, and thus increases its robustness and generalization
ability.
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4.2.3. A framework for sparse and efficient explainable
data attribution

SOTA

Data Attribution (DA) has emerged as a promising paradigm that shifts the focus from features
attribution to data provenance. With the insights gained on the level of (training) data points,
DA provides transparency about the model and individual predictions, e.g. for model debug-
ging, identifying data-related causes of suboptimal performance, such as mislabeled instances,
dataset distillation or knowledge discovery purposes. However, existing DA approaches such
as Influence Functions suffer from prohibitively high computational costs and memory demands
[95]. Additionally, current attribution methods exhibit low sparsity, resulting in non-negligible
attribution scores across a high number of training examples, hindering the discovery of decisive
patterns in the data.

Advances beyond SOTA

To address those challenges FHHI introduces DualDA which is a surrogate-based DA method,
which replaces the final linear layer of the deep learning model with a linear multiclass SVM. The
learned weights of an SVM in feature space can be exactly expressed as a weighted sum of rep-
resentations over the training datapoints by solving the corresponding dual problem. Using an
SVM also presents the advantage of exhibiting an implicit bias towards sparsity in the attribution
values as, under constrained conditions, only a limited number of support vectors contribute in
determining the models decision boundary, which helps to sparsify DA. FHHI further introduces
XDA, a method for enhancing DA with capabilities from feature attribution methods to explain
why training samples are relevant for the prediction of a test sample in terms of impactful fea-
tures. Combined, DualDA and XDA constitute the DualXDA framework. In a extended Preprint
work [96], including new quantitative evaluations, FHHI demonstrates that DualXDA achieves
high attribution quality, excels at solving a series of evaluated downstream tasks, while at the
same time improving explanation timebya factor of up to4,100,000× compared to theoriginal

Influence Functionsmethod [95], and up to 11,000× compared to itsmost efficient approxima-

tions from the literature to date [97, 98].

4.2.4. A model for Cognitive Understanding of
Explanations

SOTA

Asmachine learning systems increasingly inform critical human-decisions, such as in natural dis-
aster management scenarios, the need for human-understandable explanations grows. Current
evaluations of Explainable AI (XAI) however often prioritize technical fidelity [99, 100] over cog-
nitive accessibility which critically affects end-users.

Advances beyond SOTA

To address those limitations, FHHI proposes a structured framework for modeling the "Cognitive
Understanding of Explanations" (CUE), building on prior cognitive models of visualization com-
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prehension [101]. CUE uniquely links the external properties of explanations to internal user cog-
nitive processes. More specifically, in the field of data visualizations, legibility refers to the clarity
of individual visual elements (such as bars or lines), while readability involves understanding
the overall narrative conveyed by these elements. Together, these concepts play a critical role
in minimizing cognitive load and maximizing the effectiveness of a visualization by facilitating
easier interpretation. The CUE framework was applied and evaluated in a user-study focused
on heatmap explanations, revealing a significant impact of colormap choices on end-user in-
teraction with heatmap explanations, underscoring the effect of explanation properties on user
understanding. This FHHI study was published in the IJCAI’25 International Joint Conference on
Artificial Intelligence Workshop on Explainable Artificial Intelligence [102]. The findings of this
study underscore the need for explanation systems that go beyond visual optimization and that
adaptive, multi-modal interfaces, allowing for interactive and tailored engagement, such as the
SmartDesk interface developed inside the TEMA platform, may better support end-user needs.

4.2.5. Concept-based explanations for NDM and beyond

SOTA

While traditional local XAI methods focus on feature importance for individual predictions, global
XAI approaches aim to understand overall model behavior by explaining the roles of internal rep-
resentations and encoded features through concepts [103, 104]. Global explanations facilitate
the detection of spurious model behaviors and encompass solutions to mitigate such issues, as
well as the identification of outlier (Out-of-Distribution (OOD)) samples, hencemakingmodel de-
cisions more robust, which is critically relevant in high-stake scenarios, such as in natural disaster
management and medical applications.

Advances beyond SOTA

To provide an overview of state-of-the-art interpretability-driven shortcut detection and bias
mitigation methods for high-stake decisions, such as in medicine and NDM, FHHI proposed a
comprehensive review published in the Machine Learning Journal in 2025 [105]. This review
further extends the Reveal2Revise framework [106] with bias annotation techniques, enabling
the (semi-)automated generation of sample- and feature-level bias annotations. Further, in a re-
cent Preprint [107], FHHI proposed a novel framework for interpreting the CLIP model via latent
attributions for instance-wise attribution of sparse, interpretable components, enabling a dual
perspective on model behavior: understanding what concepts are encoded, and also how they
influence predictions. By combining attributions with alignment to expected semantics, the ap-
proach automatically identifies reliance on both spurious features and surprising concepts. Lastly
in a work published at the ACL Conference 2025 [108], FHHI proposed FADE, a new automated
evaluation framework designed to rigorously evaluate the alignment between features and their
open-vocabulary feature descriptions. By combining four complementary metrics, namely Clar-
ity, Responsiveness, Purity, and Faithfulness, the approach gives a comprehensive assessment of
how a feature reacts to instances of the described concept, an evaluation of the description itself
as well as the features causal role in the models outputs.
Besides advancing various generic XAI methods for extreme data conditions, FHHI also imple-
mented anddeployed anXAI component (TFA-tech-02) inside the TEMAsofware platform, based
on a method that was developed in a previous TEMA reporting period, namely Prototypical
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Concept-based Explanation (PCX) [109]. This XAI method leverages latent relevance distribu-
tions using Gaussian Mixture Model clustering of concept-based relevance vectors, which are
obtained by summing-up LRP relevances [87] across spatial dimensions inside a deep convolu-
tional layer of a neural network based computer vision model. This allows one to: 1) quantify the
similarity between a new prediction and a "prototypical" prediction (i.e., a cluster centroid) in or-
der to validate whether the current prediction is "ordinary" or if it might constitute an "outlier", 2)
as well as inspect the semantic of concepts through visualizing relevance-maximizing reference
samples from the training data along with concept-conditional heatmaps. While the previously
publishedwork on PCX [109] applied the technique only to classification models, a novelty of the
work carried out at TEMA is to extend this method to segmentation and object detection mod-
els. More precisely, FHHI implemented and deployed PCX inside the TEMA platform to explain
the predictions of the YOLOv6s6 model for person and vehicle detection trained by AUTH (and
available as component TFA-tech-05 in the TEMA platform), as well as multiple UNet models
for flood and fire segmentation trained by AUTH (available as component TFA-tech-06).
Figures 46-52 illustrate various PCX results. Figure 46 illustrates the clusters and prototypes for
vehicle detection. One can see through this plot the different types of strategies that the model
has learned to detect vehicles. Prototypes 0 to 3 correspond to personal cars, prototypes 4 and 5
towhite trucks, and prototypes 7 and8 to red ambulances, while prototype 6 corresponds to sam-
ples with no vehicle detected. Hence the model has implicitly learned to detect various types of
vehicles (although itwas only trained to detect all types of vehicles) as revealed by PCX. Figure 47
represents the average concept usage per prototype. Concepts are shapes or colors that filters of
convolutional layers have learned to use for prediction. So for instance red vehicle parts are used
to detect red ambulances. Then Figures 48 and 49 explain the predictions of single samples for
vehicle detection with PCX. The explanations contain a heatmap highlighting input regions most
decisive for the prediction, together with the prediction result (i.e., the bounding box for detection
or the segmentation mask) overlaid on the input image on the left side of the explanation. Fur-
ther, the most important concepts responsible for this result and their corresponding conditional
heatmaps are retrieved in the middle part of the explanation. Concepts are illustrated via refer-
ence images extracted from training data. Finally, the right side of the explanation depicts the
same results (prediction and heatmaps) for a prototype, which is another input image extracted
from the training data that resembles the most to the current prediction. Most importantly the
difference to the prototype column (which contains concept-based relevance score differences
displayed inside green or red squares) enables one to inspect whether the current prediction is
likely to be an ordinary one (in case the concept usage is similar between the current prediction
and the prototype), or whether it is likely an outlier (in case the concept usage differs a lot). Ac-
cording to the comparison of concept profiles in Figure 48, this prediction is an ordinary sample,
while Figure 49 depicts an outlier sample, since concepts representing green vegetation and per-
sons are over-used for this prediction. Figure 50 shows the clusters and prototypes for AUTH’s
person detection model. Here again one prototype corresponds to no detection, then prototype 0
corresponds to black persons with relatively sharp silhouette, while prototype 1 corresponds to
blurry black persons. Then Figure 51 shows the PCX prototypes for flood segmentation. One can
see that each prototype corresponds to differents types of flood the model has implicitly learned
to detect. For instance prototype 3 contains low-scale street-level flood, prototype 0 is localized
linear flood along river, while prototype 7 corresponds to wide-level entire floodplain inundation.
Finally Figure 52 illustrates a PCX explanation on a prediction using a synthetic flood image gen-
erated by ATOS. Here all concepts are used in a similar fashion to the nearest prototype, hence
the prediction is labeled as an ordinary one. This further validates the usage of synthetic images
for making predictions with AUTH’s model, as will be done during the BRK trial.
Further, during the current reporting period, FHHI improved its results over all KPIs related to
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computation times of the local and global explanations as defined by the TEMA Objective OA1

"Increase trustworthiness of extreme data analysis algorithms", these results are reported in
Table 13. This was achieved by adapting the LRP rule [87] during the relevance backward pass
(from using the LRP-gamma rule to using the LRP-alpha1 rule inside convolutional layers) to
reduce the attribution time, increasing the caching of intermediate computations for global ex-
planations, and various code optimizations.

Table 13. KPIs for computation time ratios of local and global XAI methods using the AI models fromAUTH for

segmentation and detection. These time ratios are reported as average over 100 samples and recorded on GPU.

Computation Time Ratio Model Dataset Size KPI Target Value

local XAI time/prediction time PIDNet 955 2.6 4

YOLOv6s6 695 2.5 4

global XAI time/all local XAI time PIDet 955 0.9 10

YOLOv6s6 695 0.4 10
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Figure 46. UMAP Visualization of the PCX clusters and associated prototypes for the YOLOv6s6 vehicle detection model

fromAUTH.
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Figure 47. Grid plot of the concept contributions per PCXprototype for the YOLOv6s6 vehicle detectionmodel fromAUTH.
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Figure 48. Example PCX explanation of the model’s prediction on an ordinary sample using the YOLOv6s6 vehicle

detection model fromAUTH.
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Figure 49. Example PCX explanation of themodel’s prediction on an outlier sample using the YOLOv6s6 vehicle detection

model fromAUTH.

Figure 50. UMAP Visualization of the PCX clusters and associated prototypes for the YOLOv6s6 person detection model

fromAUTH.
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Figure 51. PCX Prototypes for the PIDNet flood segmentation model fromAUTH.

Pag. 86 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

Figure 52. Example PCX explanation of the model’s prediction on an ordinary sample’s synthetic flood image generated

by ATOS using the PIDNet flood segmentation model fromAUTH.
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5. Multiple Learning Paradigms
5.1. Introduction
While Deep Neural Networks (DNNs) have become indispensable for perception tasks such as
segmentation, classification, and object detection, their effectiveness typically depends on access
to large, diverse, and well-annotated datasets. In contrast, real-world Natural Disaster Manage-
ment (NDM) contexts are often characterized by data scarcity and heterogeneity data may be
fragmented across regions, arrive sequentially during an event, or exhibit substantial domain
shifts due to environmental or sensor variations.
Under such conditions, conventional centralized training paradigms are insufficient. Models trained
in isolation tend to overfit, struggle to generalize across unseen domains, and cannot readily
adapt to new or evolving information streams. To address these limitations, this section ex-
plores a set of advanced learning paradigms that collectively enable adaptive, distributed, and
knowledge-aware AI systems for NDM. This work introduces multiple complementary strategies
that enhance model collaboration, adaptability, and resilience in real-time operations. These de-
velopments contribute to the overarching objectives of WP3, notably those under Task T3.5, by
improving the accuracy, adaptability, and responsiveness of AI-driven perception systems in real-
world disaster management pipelines.

5.2. Collectiveknowledge-basedforestfire
classification

SOTA

Forest fire classification is a critical task for effective NDM, as rapid and accurate identifica-
tion of fire conditionssuch as detecting active fires and classifying affected areas (burnt, half-
burnt, non-burnt)is essential to minimize damage to ecosystems, human lives, and infrastruc-
ture. Timely classification directly informs emergency response strategies, resource allocation,
and containment measures, ultimately shaping the effectiveness of disaster mitigation efforts.
Existing frameworks for forest fire classification primarily rely on isolated DNNmodels, which are
trained and operate independently, limiting their adaptability when encountering new or evolving
tasks in emergency situations [110, 111, 112]. Moreover, while recent works explore Knowledge
Distillation (KD) [113, 114] and Federated Learning (FL) [115] methods individually, these ap-
proaches have not been extensively integrated into a unified multi-agent architecture specifically
tailored for NDM. Consequently, current systems face limitations such as restricted adaptability,
scalability, and real-time knowledge sharing among heterogeneous DNN agents.

Advances beyond SOTA

Motivated by the lack of collaboration and autonomous knowledge sharing among agents and
the limited adaptability of isolated DNNs, AUTH makes several key contributions. The method
with more details is described in a conference paper [3]:
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Anestis Kaimakamidis and Ioannis Pitas, "Leveraging Collective Knowledge for Forest Fire Clas-
sification", IEEE Symposium on Computers and Communications (ISCC), 2024

Firstly, AUTH introduces the Fire Classification Multi-Agent (FCMA) framework, a novel multi-
agent architecture specifically designed for natural disaster management systems, leveraging
peer-to-peer KD and FL to enable effective collaboration and autonomous learning among DNN
agents. Secondly, it proposes a specialized Agent Knowledge Self-Assessment (AKSA) module,
integrating Out-of-Distribution (OOD) detection using Likelihood Regret (LR) to autonomously
evaluate each agent’s capability to handle new tasks and trigger collaborative knowledge ex-
change when necessary. Lastly, AUTH provides comprehensive experimental validation demon-
strating the effectiveness of collective knowledge dissemination among diverse agent architec-
tures and comparing the efficiency and accuracy of peer-to-peer and federated learning options
within a practical forest fire classification scenario, highlighting the potential for significantly im-
proving performance and adaptability in real-time emergency situations.
In ??, the comparison of the twomethods of knowledge transfer: peer-to-peer KD and FL in terms
of average accuracy on the Blaze dataset [1], before and after knowledge dissemination among
DNN agents is presented. Examples of the Blaze classification dataset are depicted on fig. 53.

Figure 53. Examples of the Blaze classification dataset [1]

For KD, a ResNet101 [116] is used as teacher while a ResNet50 [116] and an Alexnet [117] are
used as students. For FL 3, ResNet50 [116] agents are used.

Table 14. Average accuracy results comparing peer-to-peer Knowledge Distillation (KD) with ResNet101 [116] as

teacher and and ResNet50 [116] - Alexnet [117] as students, and Federated Learning (FL) with 3 ResNet50 [116] agents,

for forest fire classification using the Blaze dataset [1]. The KD-based approach achieves better accuracy improvement

compared to FL.

Method Initial Accuracy (%) Final Accuracy (%) Improvement

Peer-to-peer KD 76.31 77.50 +1.19 (+1.6%)

Federated Learning (FL) 76.15 76.56 +0.41 (+0.4%)
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The results demonstrate that the KD-based approach achieves an increase in average accuracy
from 76.31% to 77.5% (+1.19), outperforming the FL-based approach, which shows a more mod-
est improvement from 76.15% to 76.56% (+0.41). This indicates that the KD method is effective
in transferring knowledge among heterogeneous agent communities.

5.3. Continual learning for AI algorithms
SOTA

Natural disaster scenarios often present diverse and rapidly changing visual data, such as images
of wildfires and floods. Continual Learning (CL) involves adapting the prior DNN knowledge to
new tasks, without forgetting the old ones. CL is beneficial for NDM because it enables DNNs to
dynamically adapt to new visual patterns while retaining previously learned knowledge. Recent
approaches to CL can be grouped into three primary categories: regularization-based, replay-
based, and dynamically expandable networks. Regularization methods, such as Elastic Weight
Consolidation (EWC) [118] and Learningwithout Forgetting (LwF) [119], focus on preserving key
network parameters across tasks. Replay-based methods, including Incremental Classifier and
Representation Learning (iCaRL) [120], mitigate catastrophic forgetting bymaintaining a buffer of
past samples. Dynamic expandable architectures, like DER [121] and DyTox [122], progressively
add new parameters or tokens to accommodate new tasks. Despite their effectiveness, these
methods still experience substantial forgetting or incur significant computational overhead. No-
tably, transformer-based CL methods remain relatively unexplored. Approaches such as MEAT
[123] utilize parameter masks, while L2P [124] and DualPrompt [125] rely on soft prompting,
which limits their scalability as the number of tasks grows. Consequently, there is a critical gap
in developing efficient, memory-conserving transformer architectures that dynamically adapt at-
tention mechanisms to the current task without relying on stored exemplars or extensive param-
eter growth.

Advances beyond SOTA

AUTH proposes a novel method called Feedback Continual Learning Vision Transformer (FCL-
ViT), which significantly advances beyond existing SOTACLmethods by introducing a novel feed-
back mechanism that dynamically generates task-specific attention features in real-time. The
method with more details is described in a journal paper [4]:

Anestis Kaimakamidis and Ioannis Pitas, "FCL-ViT: Task-aware attention tuning for Continual
Learning", Pattern Recognition Letters, 2025

Unlike traditional feed-forward CL methods, which often rely on rehearsal memories or contin-
uously expanding model parameters, FCL-ViT leverages Tunable self-Attention Blocks (TABs)
and Task-Specific Blocks (TSBs) to adaptively retune attention across tasks without increasing
memory demands substantially. Experimental evaluations demonstrate that FCL-ViT achieves
superior performance on standardCL benchmarks, notably outperformingmethods such as iCaRL
[120], DER [121], and DyTox [122]. Table 15 reports the average Top-1 classification accuracy
(Avg) after each task, along with the Top-1 accuracy obtained after the final task (Last). The
column #TP represents the number of trainable parameters (in millions) for each method.
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Figure 54. FCL-ViT classification accuracy on the wildfire BLAZE [1] and CIFAR100 [2] datasets.

Table 15. Top-1 accuracy classification results on Imagenet-100 for 10 task splits.

10 tasks

Methods #TP Avg Last

iCaRL [120] 11.22 57.84 46.13

DER [121] 112.27 77.18 66.70

DyTox+ [122] 11.01 77.15 69.10

FCL-ViT 14.23 75.42 71.80

Importantly, FCL-ViT maintains stable accuracy across an increasing number of tasks, effectively
mitigating catastrophic forgetting evenwithout rehearsal strategies. This highlights its capability
for sustained adaptability and generalization in diverse continual learning scenarios. The perfor-
mance (Top-1 Accuracy) of FCL-ViT when trained sequentially on two datasets: first, the BLAZE
wildfire classification dataset [1], and subsequently the CIFAR100 dataset [126] is demonstrated
in fig. 53. Specifically, the figure illustrates that after initially learning the BLAZE dataset, the
model maintains stable accuracy on BLAZE even after learning 100 new classes from CIFAR100.
Moreover, themodel demonstratesminimal degradation in accuracy on the CIFAR100 dataset af-
ter initially learning the significantly different BLAZE wildfire dataset. This result highlights the
models effectiveness in CL, showing its capability to retain previous knowledge (BLAZE) while
sequentially acquiring new knowledge (CIFAR100) without severe catastrophic forgetting.
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5.4. Cloud Learning-by-Education Node
Community (C-LENC) framework

SOTA

Figure 55. Communication diagram for the workflow of learning a new task.

The Learning by Education Node Community (LENC) [127] paradigm has laid out the founda-
tion for examining the interaction rules between collaborative nodes performing knowledge ex-
change, based on evaluating their knowledge. As a research prototype, Out Of Distribution de-
tectors were employed for knowledge (self) assessment by using the likelihood regret as an out-
of-distribution score in variational autoencoders, and knowledge distillation for model updates,
all operating on the same computer. More specifically, when a new data stream appears as input
in the Deep Neural Network (DNN) of a LENC node, the out-of-distribution detector examines
each sample and categorizes it as in or out of distribution. If a sample is found outside the train-
ing distribution, the node sends the sample to all other nodes to find which one has seen similar
samples. At this point, the nodes that know the sample become potential teachers, and the one
with the best score becomes the teacher, while all nodes that do not know the sample become
students. Finally, the knowledge distillation procedure begins.

Advances beyond SOTA

LENC’s implementation as a research prototype, and the fact that it operates on a single com-
puter, does not make it a complete framework, as it lacks provisions for connectivity and cloud
implementation. In this work, AUTH presents an extension to the LENC paradigm, the novel
Cloud Learning by Education Node Community (C-LENC) framework, that can be used to per-
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Figure 56. DNN Classification accuracy of the Aggregator and the Student DNNs on the CIFAR-10 test dataset

Figure 57. DNN Classification accuracy of the Aggregator and the Student DNNs on the BLAZE test dataset.

Figure 58. Knowledge Distillation classification accuracy for the Teacher and Student DNN, aswell as a plain DNN trained

on ground truth data on the BLAZE test dataset.

form a plethora of collaborative distributed machine learning workflows between the nodes of
the C-LENC network, operating on the cloud. Extending the original LENC, the proposed C-LENC
framework supports all the functionalities of LENC for knowledge assessment and distillation,
as well as additional distributed learning workflows such as federated learning and distributed
inference. The paper with more details is accepted to a conference:

Nick Tzavidas, Anestis Kaimakamidis, and Ioannis Pitas, "Cloud Learning-by-Education Node
Community (C-LENC) framework", technical report, 2025.

Each LENC node is implemented in the form of a containerized software package, with each
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node occupying a Docker container, enabling node management and communication. To allow
the nodes to be aware of the network, a simple service discovery-like HTTPS service is used.
The communication is achieved through network sockets and the Transmission Control Proto-
col (TCP). The proposed C-LENC was evaluated on 4 workflows: a.) learning a new task, b.)
federated learning, c.) multi-teacher knowledge distillation, and d.) distributed inference (using
majority voting), on the CIFAR-10 and BLAZE image datasets, adding the federated learning and
distributed inference functions to the LENC framework. A communication diagram for the work-
flow of learning a new task can be seen in Figure 55. Results for the federated learning task are
presented in Figures 56 and 57. For the distillation task, the accuracy scores after training a stu-
dent with the outputs of a teacher for 40 epochs against a student that is trained for 40 epochs
on the ground truth, are presented in Figure 58. For the distributed inference task, the Majority
Voting method was employed by training 5 ResNet18 models on the BLAZE dataset, and results
on its test set can be found in Table 16.

Table 16. Classification accuracy for the Majority Voting estimator DNNs and the aggregator.

Model Test Data Accuracy

Model 1 37.78%

Model 2 30.31%

Model 3 25.14%

Model 4 26.80%

Model 5 28.84%

Maj. Vot. 28.97%

5.5. Proto-SVDD:DecentralizedFederated
ObjectDetectionwithPrototype-Based
Communication

SOTA

Recent advances in Federated Learning (FL) have focused on classification tasks, while federated
object detection remains less explored due to its multitask nature and high communication cost.
Baseline approaches such as FedAvg [128] rely on full model weight aggregation, leading to sig-
nificant communication overhead and potential privacy leakage. Prototype-based FL methods,
including FedProto [129], PearFL [130], TurboSVM-FL [131], and knowledge-distillation-based
schemes [132], have been proposed to alleviate communication bottlenecks by exchanging class-
wise prototypes or informative embeddings. However, thesemethodsweremainly developed for
image classification and are not directly tailored to object detection, where both class recognition
and bounding box localization must be addressed. Furthermore, prototype averaging strategies
fail to capture non-IID data variability across clients, while support vector selection does not fully
preserve the semantic representativeness of classes. To the best of AUTH knowledge, no decen-
tralized prototype-based federated object detection study has systematically benchmarked such
methods under non-IID splits for UAV datasets.
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Advances beyond SOTA

AUTH proposes Proto-SVDD, a fully decentralized prototype-based FL framework for object de-
tection. Instead of exchanging full DNN weights, Proto-SVDD transmits compact class-wise
prototypes derived from the classification head of YOLOv6. The paper with more details will
be submitted to a conference:

Eugenios Vlachos, Christos Papaioannidis and Ioannis Pitas," Proto-SVDD: Decentralized Feder-
ated Object Detection with Prototype-Based Communication", technical report, 2025.

To enhance representativeness, AUTH integrates Support Vector Data Description (SVDD) [133]
to select embeddings that lie within class-specific hyperspheres, yieldingmore semantically con-
sistent prototypes. During training, each client exchanges only SVDD centerswith randomly cho-
sen peers, eliminating reliance on a central server. A prototype alignment loss is introduced to
guide local embeddings toward aggregated peer prototypes, ensuring robust convergence under
non-IID conditions. Extensive experiments on the VisDrone-DET2019 dataset with varying client
numbers (3, 5, 8, and 15) demonstrate that Proto-SVDD achieves competitive or superior detec-
tion accuracy compared to state-of-the-art prototype-based FLmethods, while reducing commu-
nication to just two vectors per client per round. This method offers a scalable, communication-
efficient, and privacy-preserving solution for decentralized object detection tasks. The evaluation
of several state-of-the-art prototype-based methods on the VisDrone-DET2019 with respect to
map@0.5 % and map0.5:0.95 % is presented on Table 17. Furthermore, prototype loss results
further validate the benefit of our prototype-based coordination, with results summarized on Ta-
ble 18.

Table 17. Comparison of Prototype FLmethods on VisDrone-DET2019 across different numbers of clients under non-IID

splits. ThemAP is reported at Rounds 1, 5, and 9 for α=1. Best results are in bold. Note that Local and FedAvg are

included only as lower and upper performance references, respectively, and not as prototype-based baselines.

#Clients Method mAP Round 1 mAP Round 5 mAP Round 9

mAP@0.5% mAP@0.50:0.95% mAP@0.5% mAP@0.50:0.95% mAP@0.5% mAP@0.50:0.95%

3

Local 37.81 20.31 47.62 25.45 50.54 26.40
FedAvg 40.17 21.02 50.17 27.27 53.14 29.15
FedProto 37.43 19.80 45.87 24.67 48.70 26.40
PearFL 37.36 19.33 46.36 24.73 48.60 26.47
TurboSVM-FL 37.12 19.05 45.86 24.50 49.23 26.60
Proto-SVDD 37.92 20.49 47.96 25.87 51.33 26.73

5

Local 28.30 10.90 37.83 19.31 42.05 21.12
FedAvg 30.85 13.78 42.74 23.20 46.72 25.74
FedProto 27.55 11.85 35.82 18.72 40.07 20.72
PearFL 27.58 11.73 36.48 18.88 39.78 20.52
TurboSVM-FL 27.83 10.21 36.33 18.64 40.97 19.78
Proto-SVDD 28.92 11.30 38.45 19.94 42.78 22.19

8

Local 21.20 9.85 30.81 15.25 34.24 17.25
FedAvg 23.94 11.68 34.21 18.29 39.16 20.13
FedProto 20.69 9.56 30.57 15.12 34.22 17.20
PearFL 20.62 9.52 30.39 15.09 34.14 17.27
TurboSVM-FL 20.56 9.57 30.60 15.22 34.19 17.30
Proto-SVDD 21.93 10.77 30.79 15.33 34.92 17.66

15

Local 11.09 4.75 18.11 8.48 21.37 10.17
FedAvg 15 13.38 5.05 23.17 11.82 26.90 13.16
FedProto 11.58 4.97 18.33 10.25 21.66 10.21
PearFL 11.23 4.80 18.18 8.53 21.48 10.22

TurboSVM-FL 11.33 4.84 18.44 8.54 21.60 10.21
Proto-SVDD 12.57 4.82 19.69 10.69 22.26 10.12
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Table 18. Proto Loss comparison of FL methods on VisDrone-DET2019 across different numbers of clients under non-IID

splits. Best results are in bold.

#Clients Method Proto Loss Round 1 Proto Loss Round 5 Proto Loss Round 9

3

Local – – –
FedAvg – – –
FedProto 0.2221 0.0048 0.0052
PearFL 0.2863 0.0114 0.0032

TurboSVM-FL 0.1292 0.0042 0.0023
Proto-SVDD 0.1156 0.0032 0.0066

5

Local – – –
FedAvg – – –
FedProto 0.2168 0.3367 0.2016
PearFL 0.1738 0.1672 0.1644
TurboSVM-FL 0.1383 0.0129 0.0382
Proto-SVDD 0.0685 0.0216 0.0194

8

Local – – –
FedAvg – – –
FedProto 0.0969 0.0344 0.0384
PearFL 0.1714 0.0467 0.0482
TurboSVM-FL 0.0838 0.0184 0.0092
Proto-SVDD 0.0558 0.0072 0.0047

15

Local – – –
FedAvg – – –
FedProto 0.1290 0.1056 0.1216
PearFL 0.1352 0.0713 0.0952
TurboSVM-FL 0.0516 0.0361 0.0694
Proto-SVDD 0.0271 0.0398 0.0481

5.6. Weakly Supervised Multi-Class
Semantic Segmentation

5.6.0.1. SOTA

The problem of weakly supervised semantic segmentation has gained increasing importance,
especially in natural disaster management (NDM), where annotated datasets covering multiple
classes are scarce and expensive to obtain. Current state-of-the-art approaches often rely on
text-based supervision, such as CLIP-ES and ExCEL [134, 135], which use CLIP [136]to gen-
erate text embeddings from prompt-engineered phrases and then employ these embeddings
to produce class activation maps (CAMs) [137] and Grad-CAMs [138]. While effective in some
cases, these methods suffer from query ambiguity and lack robustness, as even small variations
in the input text can significantly affect segmentation quality. To overcome these limitations, Ex-
treme Weakly Supervised (EWS) Binary Semantic Segmentation [139] has been introduced as
an alternative. This method combines unsupervised feature extractors like DINO [140, 141, 142]
with minimal supervisionrequiring only a single annotated pixel per classand uses the STEGO
(Self-supervised Transformer with Energy-based Graph Optimization) [143] loss to learn more
robust features and to better align sparse annotations with patch-level features, resulting in seg-
mentation maps that are competitive despite limited supervision. However, EWS is currently
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restricted to binary segmentation tasks, which limits its applicability to NDM scenarios where
multiple disaster-related categories (e.g., flooded regions, debris, infrastructure damage) must
be segmented simultaneously. Extending this framework to multiclass segmentation requires
not only adding one-pixel annotations for each class but also designing mechanisms to capture
inter-class dependencies, ensuring that annotations for one class contribute to refining the seg-
mentation of others. Developing such an extension would help address the challenges of data
scarcity in NDM and improve the reliability and practicality of weakly supervised segmentation
methods in real-world disaster response.

5.6.0.2. Advances beyond SOTA

AUTH tackles this problem by extending binary methodology to multiclass, tackling the chal-
lenges of inter-class dependencieswith the introduction of a novel triplet loss [144, 145, 146]that
takes into account the pixel annotations of the other classes. The paper with more details will
be submitted to a conference: A. Apostolidis, M. Tzimas, V. Mygdalis, I. Pitas, "Semantic Im-
age Segmentation with Multiclass Extreme Weak Supervision (MEWS)", technical report, 2025.
The MEWS method significantly alleviates the challenges posed by the absence of extensive
annotated datasets in natural disaster management (NDM). By employing sparse pixel anno-
tations as class prototypes, the approach ensures precise initialization and effective clustering
of class-specific features within the self-supervised DINO feature space. Building on this foun-
dation, we extend the framework from binary to multiclass segmentation by incorporating the
mean prototypes of each class, the global feature representation of the image, and the relation-
ships with other class prototypes into a margin triplet loss formulation. This extension allows
the model to explicitly enforce inter-class separability while maintaining intra-class consistency,
a property that is essential in scenarios with multiple disaster-related categories. Furthermore,
the dynamic computation of hyperparameters has been generalized to the multiclass setting, re-
ducing the need for manual tuning and improving training stability. As a result, the extended
approach not only retains the efficiency and robustness of the binary method but also enables
scalable and accurate multiclass segmentation, thereby enhancing its applicability in real-world
NDM tasks. Our proposed MEWS(AUTH) method achieves the best weakly supervised perfor-

Table 19. Comparison of multiclass semantic segmentation performance across various methods on the benchmark

dataset Cityscapes. 4Px8I means 4 annotated pixels per class across 8 images.

Model Mean Void Flat Construction Object Nature Sky Human Vehicle

Stego Supervised 63.46 61.04 88.95 75.25 1.25 79.55 79.60 50.72 71.34

Stego Unsupervised 54.18 60.19 79.68 68.77 0.33 76.76 76.73 8.88 62.07

CLIP-ES 40.14 68.05 22.10 54.12 10.96 70.14 60.18 8.01 27.47

ExCEL 41.90 32.60 80.07 47.80 9.14 55.49 51.85 11.34 46.87

DINO+Prototypes

(4Px8I)
57.55±0.78 60.37±0.70 84.81±0.91 70.42±2.52 15.82±1.44 74.36±1.26 76.18±2.08 17.70±3.11 60.78±2.42

MEWS (4Px8I) 61.19±1.71 58.91±1.20 88.37±0.24 73.04±0.97 15.62±1.49 77.63±0.80 77.77±0.95 32.25±9.11 65.92±1.89

DINO+Prototypes

(BEST)
58.07±0.65 61.01±0.35 84.31±0.71 71.27±1.75 17.53±1.00 75.82±0.77 76.82±1.32 18.82±5.35 61.59±1.30

MEWS (BEST) 63.27±0.81 60.62±0.43 89.05±0.11 74.69±0.34 17.68±1.61 79.14±0.87 79.04±0.49 40.07±3.72 66.22±1.15

mance on Cityscapes, with a mean IoU of 61.19% in the 4Pixels x 8Images setting and 63.27% in
the BEST configuration. Compared to the DINO+Prototypes baseline, our method consistently
improves segmentation quality, highlighting the benefit of integrating class prototypes, global
features, and inter-class relationships.
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5.7. Neural Architecture Search and
Knowledge Distillation for Semantic
Image Segmentation on Big
Wildfire Datasets

SOTA

When trained on limited data, large, complex models with millions of parameters are highly sus-
ceptible to overfitting. They may achieve high accuracy on the training set by memorizing specific
features but fail to generalize to new, unseen fire incidents. This reduces their reliability for real-
world deployment. A common approach to mitigate this is to use smaller, more efficient models,
but manually designing an architecture that strikes the perfect balance between model capacity
and generalization for a niche task like burnt area segmentation is a non-trivial challenge. Neural
Architecture Search (NAS) is a principled and automatedmethod for discovering optimal network
architectures tailored to the constraints of any task.
State-of-the-art research on efficient DNNdesign often relies on eithermodel compression or au-
tomated architecture optimization. Knowledge Distillation (KD) has been established as a pow-
erful technique to transfer knowledge from large, complex teacher networks to smaller student
networks while preserving segmentation accuracy [114, 147]. Neural Architecture Search (NAS)
has also emerged as amethod to automatically explore and optimize neural architectures, target-
ing improved efficiency and accuracy [148, 149]. However, existing NASKD pipelines are primar-
ily developed for image classification tasks and are rarely adapted to dense prediction problems
such as burnt area segmentation [150, 151]. Moreover, many studies rely on fixed teacherstudent
settings, limiting the preservation of spatial consistency and boundary sharpness that are criti-
cal in wildfire monitoring. To the best of AUTHs knowledge, no comprehensive study combining
NAS and KD for wildfire burnt area segmentation has been carried out so far.

Figure 59. The KD-NAS Pipeline.

Advances beyond SOTA

AUTH proposes a novel KDNAS pipeline tailored for burnt area image segmentation. The ap-
proach integrates NAS to systematically search multiple DNN families (PIDNet Small [35], PID-
NetMedium [35], PIDNet Large [35], UNet++ [152], and CNN-I2I BiseNet [153]) while optimizing
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directly for the mean Intersection over Union (mIoU). The paper with more details is described in
a conference paper [5]:

Eugenios Vlachos, Christos Papaioannidis and Ioannis Pitas (2025), "Neural Architecture Search
and Knowledge Distillation for Semantic Image Segmentation on Big Wildfire Datasets", 33rd
European Signal Processing Conference (EUSIPCO 2025)

Candidate architectures are first refined through NAS to reduce computational cost while main-
taining accuracy. Next, KD is employed within and across model families, transferring rich per-
pixel soft predictions from larger teacher models into smaller student models. Finally, the best-
performing DNNs are distilled once more to converge on the ultimate winning lightweight archi-
tecture. Experimental evaluation on the Blaze dataset [1] demonstrated that this method yields
a 62.3% reduction in trainable parameters while improving segmentation accuracy by +1.02%
mIoU, enabling efficient deployment of UAV-based wildfire management systems in real-time
environments. The details of the proposed method can be found in Figure 59, where the NAS-
KDpipeline diagram is presented. The evaluation of several state-of-the-art region segmentation
architectures on the Blaze dataset with respect to Mean IoU is presented on Table 20 along with
the performance of optimized DNN architectures after KD application.

Table 20. Comparison of segmentation performance across all pipeline stages.

Model Baseline NAS NAS + KD Final KD-NAS
mIoU% Epochs Params mIoU% Epochs Params mIoU% Epochs Params mIoU% Epochs Params

CNN-I2I BiseNet 74.82 120 18.4M 74.18 50 17.8M 74.18 50 17.8M 73.92 50 17.8M
PIDNet-Small 73.79 120 7.72M 74.22 50 6.97M 75.04 50 6.94M 75.84 50 6.94M
PIDNet-Medium 71.27 120 28.8M 71.07 50 19.6M 71.93 50 14.5M 72.94 50 14.5M
PIDNet-Large 70.13 120 37.3M 69.66 50 28.0M 71.08 50 19.3M 71.08 50 19.3M
UNet++ 64.11 120 7.76M 65.47 50 1.93M 67.14 50 1.86M 68.21 50 1.86M
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6. Conclusion
Deliverable D3.4 "Final report on algorithms for extreme data analytics" successfully encapsu-
lates the critical advancements and research outcomes achieved in Task T3.5 during the period
from M13 to M36 within the TEMA project. The innovative approaches developed throughout
this reporting period have significantly contributed to the understanding and adaptability of AI
models under extreme data conditions, particularly in the context of Natural Disaster Manage-
ment (NDM).

The research efforts have yielded substantial progress in several areas, including the generation
of synthetic datasets, the implementation of zero-shot learning for automatic labelling, and the
establishment of robust frameworks for integrating multi-platform social media data. These ad-
vances not only enhance the reliability and interpretability of AI systems, but also ensure that they
remain responsive to the dynamically changing landscapes of disaster scenarios. By strengthen-
ing data diversity, improving automated labelling accuracy, and enabling seamless integration of
heterogeneous information sources, these developments directly contribute to OA2 increasing
the accuracy of extreme data analysis algorithms.

Moreover, the introduction of explainable AI methods tailored for extreme data conditions has
bolstered user trust and model transparency. By focusing on the cognitive aspects of model ex-
planations, these methods allow end-users to engage more effectively with AI outputs, fostering
a deeper understanding of model behaviour and decision-making processes. These advances
directly support Objective OA1 increasing the trustworthiness of extreme data analysis algo-
rithms. This contributes to enhanced accountability, transparency, and confidence in AI-assisted
analysis of extreme data scenarios.

The continuous learning frameworks established during this period enable the AI models to
evolve alongside incoming data, ensuring they maintain high performance even as conditions
change. This adaptability is crucial for operational readiness in disaster response efforts, aligning
with the overarching goals set forth in the TEMA project. In particular, these developments con-
tribute directly to OA2 and OA3 by enhancing both the accuracy and responsiveness of extreme
data analysis algorithms. Through continuous model refinement and real-time data integration,
TEMAs approach supports the development of novel semantic analysis methods that surpass
the state of the art in precision (OA2) while simultaneously improving processing efficiency and
analytical speed on equivalent hardware (OA3).

Overall, the deliverable has fulfilled the key performance indicators (KPIs) and objectives defined
for T3.5. Collective research outputs, reflected in nine peer-reviewed publications, not only ad-
vance the scientific knowledge base but also contribute significantly to the practical applications
of AI in managing extreme data scenarios.

As we move forward, the insights gained from this deliverable will improve the next phases of
the TEMA project, enhancing the development of scalable, trustworthy, and efficient AI systems
for emergency management. The ongoing dissemination of TEMA’s research findings will fur-
ther promote the integration of advanced analytics into real-world disaster response strategies,
ultimately improving resilience and preparedness in the face of natural disasters.
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A. Stable Diffusion XL Pipeline

Figure 60. ComfyUI generation pipeline usingMistral and Stable DiffusionXL [credit ATOS]
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B. Stable Diffusion XL prompts

Figure 61. "prompt": "<|system|> You are a Stable Diffusion prompt generator. <|user|> Come upwith a description of a

realistic finnish forest fire at night. <|assistant|> A night view of a forest fire in the finnish taiga. Many trees are on fire, and

the smoke rises <|user|> How about another one? <|assistant|>" [image generated by ATOS]

Figure 62. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic finnish forest fire at dawn. <|assistant|> At dawn the sun rising on a forest fire in the finnish taiga. Many trees are

on fire, and the smoke rises. <|user|> How about another one? <|assistant|>" [image generated by ATOS]
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Figure 63. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic finnish forest fire at sunset. <|assistant|> At sunset the sun is setting on the horizon while there is a fire in the

finnish taiga. Many trees are on fire, and the smoke rises. <|user|> How about another one? <|assistant|>" [image

generated by ATOS]

Figure 64. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic finnish forest fire while raining. <|assistant|> Is raining heavily on a forest in the finnish taiga while a raging forest

fire is consuming the vegetation. Many trees are on fire, and the smoke rises. <|user|> How about another one?

<|assistant|>" [image generated by ATOS]
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Figure 65. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic canadian forest fire at autumn. <|assistant|> In a forest fire in canada, there are several fire hot spots on the forest

burning the red, yellow and orange leaves trees. Many trees are on fire, and the smoke rises. <|user|> How about another

one? <|assistant|>" [image generated by ATOS]

Figure 66. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic forest fire near a small town at night. <|assistant|> a small townwith several houses, there is a forest fire in the

background that light up the night sky as the flame rises. <|user|> How about another one? <|assistant|>" [image

generated by ATOS]
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Figure 67. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

realistic forest fire near a small town. <|assistant|> a small townwith several houses, there is a forest fire in the

background rages while consuming the scenery. <|user|> How about another one? <|assistant|>" [image generated by

ATOS]

Figure 68. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of the

beginning of a realistic forest fire. <|assistant|> A dense forest with several small spots that are on fire, as a blazing

inferno is starting. <|user|> How about another one? <|assistant|>" [image generated by ATOS]
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Figure 69. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of the

beginning of a realistic forest fire at dawn. <|assistant|> the sun is rising while some flickers of fire can be seen on the

forest as a forest fire starts. <|user|> How about another one? <|assistant|>" [image generated by ATOS]

Figure 70. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of

burned down forest with some flames still active. <|assistant|> there can be seen a charred and burned down forest

ravaged by the fire, the trees are filled with ashes and some flames can still be seen <|user|> How about another one?

<|assistant|>" [image generated by ATOS]

Pag. 117 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

Figure 71. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

forest fire in a winter snowy forest. <|assistant|> On a snowy forest scene a wildfire can be seen ravaging the top of the

tress <|user|> How about another one? <|assistant|>" [image generated by ATOS]

Figure 72. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of

town in Austria after heavy rain and floods, damaged buildings. <|assistant|>" [image generated by ATOS]
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Figure 73. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

town in Austria in a rainy day after heavy rain and floods, damaged buildings. <|assistant|>" [image generated by ATOS]

Figure 74. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

street in Austria in a rainy day after heavy rain and floods, damaged buildings, trapped cars. <|assistant|>" [image

generated by ATOS]
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Figure 75. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

street in Greece on a rainy day after heavy rain and floods, damaged buildings, trapped cars. <|assistant|>" [image

generated by ATOS]

Figure 76. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

town in Greece on a sunny day after heavy rain and floods, damaged buildings, trapped cars. <|assistant|>" [image

generated by ATOS]
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Figure 77. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river in the greek hillside, after heavy rain and floods. <|assistant|>" [image generated by ATOS]

Figure 78. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river in the Austrian hillside, after heavy rain and floods. <|assistant|>" [image generated by ATOS]
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Figure 79. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river in the Austrian hillside, during heavy rain. <|assistant|>" [image generated by ATOS]

Figure 80. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

Greek forest with a flooded river, during heavy rain. <|assistant|>" [image generated by ATOS]
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Figure 81. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river at night on a Greek town. <|assistant|>" [image generated by ATOS]

Figure 82. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river at night on a Austrian town, trapped cards, damaged bridge. <|assistant|>" [image generated by ATOS]
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Figure 83. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded river at night on a Greek town, trapped cards, damaged bridge. <|assistant|>" [image generated by ATOS]

Figure 84. "prompt": "<|system|> You are a Stable Diffusion prompt generator.<|user|> Come upwith a description of a

flooded street at night on a Greek town, trapped cards, debris. <|assistant|>" [image generated by ATOS]
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C. Flux.1-dev Pipeline

Figure 85. ComfyUI generation pipeline usingMolmo and Flux [credit ATOS]
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D. Flux.1.dev prompts
Image description of Figure 86

The image shows an aerial view of a forested area following a recent fire. The scene is domi-
nated by a large body of water, likely a lake or river, which occupies the majority of the frame.
The water appears dark blue and still, with no visible movement. The most striking feature of the
image is the smoke rising from the center of the forest. It’s white and billowing upwards, creating
a stark contrast against the blue sky and green trees. The smoke suggests that a fire has recently
occurred in the area, and it’s still active, as evidenced by its intensity and the way it’s spreading.
The forest itself is predominantly green, with a mix of tall, healthy trees and some that appear
to be damaged or dead. This arrangement is typical of many forest ecosystems and provides an
interesting visual contrast with the water. On the right side of the image, there’s clear evidence
of human intervention. A clear-cut area is visible, showing where trees have been removed. This
area appears to be in a state of transition, with some regrowth visible but still a significant amount
of exposed soil and vegetation. The overall layout of the scene is quite striking. The smoke from
the fire adds a dynamic element to the scene, suggesting ongoing changes and adjustments in
the environment. This image provides a powerful visual representation of the impact of fire on
forest ecosystems and the balance between natural processes and human influence.

(a) Real image of a prescribed burn in finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 86. Real origin fire image and synthetic resulting image comparison num.1

Image description of Figure 87

The image shows a striking aerial view of a forest after a recent fire. The landscape is dominated
by a vast expanse of green forest, with the trees appearing lush and vibrant, especially in the
foreground. In the center of the image, there’s a large, dense cloud of smoke rising from the for-
est. This smoke is thick and billowing, creating a stark contrast against the green backdrop. The
smoke appears to be spreading across the image, likely due towind currents. To the left side of the
image, a body ofwater is visible. It could be a lake or a river, and its surface is reflecting the smoke
from the forest. This adds another layer of visual interest to the scene. The layout of the image is
quite interesting. The forest dominates the lower portion, while the smoke rises prominently in
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the center. The upper part of the image shows more of the surrounding area, including what ap-
pears to be a clear sky. The scene is devoid of any visible human structures or people, which em-
phasizes the raw, untouched nature of the forest. The color palette is predominantly green, with
the smoke providing a stark contrast. Overall, this image captures a powerful post-fire landscape,
showcasing nature’s resilience and the immediate impact of wildfires on forest ecosystems.

(a) Real image of a prescribed burn in finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 87. Real origin fire image and synthetic resulting image comparison num.2

Image description of Figure 88

The image shows the aftermath of a forest fire viewed from a drone. The scene is dominated by
a large area of smoke rising from the center, creating a hazy atmosphere. The forest is partially
burnt, with many trees still standing but showing signs of damage. The landscape is a mix of
green and brown, with some areas of grass and exposed soil visible. The smoke is thick and
billowing, obscuring parts of the view and creating a stark contrast against the blue sky. In the
background, there’s a body ofwater visible, likely a lake or river. Thewater appears dark blue, and
there are some small islands or landmasses visible within it. The drone is positioned above the
scene, providing a bird’s-eye view of the entire area. The sky is a light blue with scattered white
clouds, indicating fair weather conditions. The layout of the scene is as follows: 1. A foreground
dominated by the burnt and smoking forest 2. A body of water (lake or river) in the background
3. A sky with scattered white clouds The overall color palette includes shades of blue, white,
gray, brown, green, and black, with the smoke adding a hazy, atmospheric quality to the image.
This scene captures the immediate aftermath of a forest fire, showcasing the immediate impact
on the landscape and the ongoing process of recovery or containment.
Image description of Figure 89

The image shows the aftermath of a forest fire viewed from a drone. The scene is dominated by
thick, billowing smoke that obscuresmuch of the view. The fire appears to have burned through a
clear-cut area, leaving behind a stark contrast between the charred remains and the surrounding
intact forest. In the foreground, we can see the aftermath of the fire. The ground is bare, with
scattered patches of burnt vegetation and dirt. This clear-cut area is surrounded by dense, green
forest, creating a striking juxtaposition between the damaged and undamaged sections of the
forest. The smoke is particularly dense in some areas, making it difficult to see the full extent
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(a) Real image of a prescribed burn in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 88. Real origin fire image and synthetic resulting image comparison num.3

of the damage. However, we can observe that the fire has affected a wide swath of the forest,
leaving behind a path of destruction. The layout of the scene is as follows: 1. A clear-cut area in
the foreground, where the fire has burned through 2. Green forest surrounding the cleared area,
creating a stark contrast 3. Thick, billowing smoke dominating much of the image 4. The overall
scene captures the immediate aftermath of a forest fire, showcasing the long-lasting impact on
the landscape This image provides a powerful visual representation of the destructive power of
forest fires and the rapid rate at which they can transform a landscape. It also highlights the
importance of forest management and fire prevention strategies to protect both human commu-
nities and natural ecosystems.
Image description of Figure 90

The drone’s camera captures a striking aerial view of a forest fire’s aftermath. The scene is dom-
inated by a large plume of smoke rising from the centre, obscuring much of the view. The sky
above is a clear blue with scattered white clouds, providing a stark contrast to the smoky atmo-
sphere below. In the foreground, we can see a path cutting through the charred landscape. This
path is likely the result of firefighting efforts, possibly a firebreak or access route. The ground
is covered with a mix of brown and green grass, with some areas appearing more barren than
others, especially towards the edges of the visible area. The forest itself is visible in the back-
ground, with a variety of tree species present. Some trees appear to be blackened and charred,
while others, particularly those on the edges of the frame, seem to have survived the fire. This
mix of affected and unaffected trees is typical of forest fires, where some areas are heavily im-
pacted while others remain largely untouched. The overall layout of the scene suggests this is
a relatively large fire, as evidenced by the significant amount of smoke and the extensive area
affected. The drone’s perspective provides a unique view of how the fire has changed the land-
scape, highlighting the contrast between the fire’s destructive power and the forest’s structure.
This image offers a powerful visual representation of the impact of wildfires, showcasing both
the natural beauty of the forest and the devastating effects of fire on the environment.
Image description of Figure 91

The image shows the aftermath of a forest fire viewed from a drone. The landscape is dominated
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(a) Real image of a prescribed burn in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 89. Real origin fire image and synthetic resulting image comparison num.4

(a) Real image of a prescribed burn in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 90. Real origin fire image and synthetic resulting image comparison num.5

by a large, smoky plume that extends from the bottom right corner towards the top right, cre-
ating a hazy atmosphere. In the foreground, we can see the charred remains of a once-thriving
forest. The ground is dark and barren, with scattered trees that have been reduced to ash. Some
trees still stand, but their leaves are singed and brown, indicating the severity of the fire. A nar-
row road cuts through the scene, likely used by firefighters during the blaze. This road is one
of the few visible structures in the area, emphasizing the vastness of the forest that has been
affected. The fire appears to have burned through the center of the image, leaving a clear path
of destruction. The smoke from the blaze is thick and billowing, obscuring parts of the sky and
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adding to the overall sense of devastation. In the background, we can see a dense forest of trees,
their green foliage a stark contrast to the charred landscape in the foreground. This juxtaposition
highlights the immediate impact of the fire on the local ecosystem. The sky is overcast, with a
grayish hue that complements the somber mood of the scene. The drone’s perspective provides
a comprehensive view of the entire area, allowing us to fully appreciate the extent of the fire’s
damage and the scale of the forest fire’s impact on this ecosystem. Overall, the image captures
a powerful and poignant scene of nature in the aftermath of a destructive forest fire, showcasing
the immediate and long-lasting effects of such events on the environment.

(a) Real image of a prescribed burn in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 91. Real origin fire image and synthetic resulting image comparison num.6

Image description of Figure 92

The image shows an aerial view of a forest after a recent fire. The landscape is divided into dis-
tinct areas, with dense green forests on both sides of a cleared central strip. This strip appears to
be the focus of the fire, as it’s covered in brown, charred vegetation. A winding road cuts through
the forest, starting from the bottom right corner and curving towards the top left of the image.
This road likely served as a firebreak, which is a crucial element in containing wildfires. The right
side of the image is particularly striking, with thick white smoke billowing upwards from the fire-
damaged area. This smoke is likely filled with ash and other pollutants, creating a stark contrast
against the remaining greenery. In the bottom right corner, there are visible spots of orange,
which are likely areas of active fire or recently burned vegetation. This creates a vivid contrast
with the surrounding green areas. The layout of the scene is quite dramatic. The fire has swept
through the center of the image, leaving behind a strip of destruction. The surrounding forests
on both sides appear untouched, creating a natural border for the affected area. The winding
road serves as a visual link between these two forested regions. The aerial perspective provides
a comprehensive view of the fire’s impact and the forest’s structure. It’s a powerful image that
illustrates the immediate and long-lasting effects of wildfires on forest ecosystems.
Image description of Figure 93

The image shows an aerial view of a town that has been severely impacted by flooding. The
scene is dominated by muddy, brown terrain with scattered patches of green grass and trees. In
the upper right corner, there’s a body of water, likely a river or lake, that has overflowed its banks
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(a) Real image of a prescribed burn in Finland [credit Kainuu
wellbeing services county]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 92. Real origin fire image and synthetic resulting image comparison num.7

and inundated the surrounding area. The layout of the town is clearly visible from this high van-
tage point. In the upper left corner, there’s a prominent white house with a gray roof, standing
out against the floodwaters. To the right of this house, another white house with a gray roof is
partially submerged, with its lower level covered in water. The streets are in a state of disarray.
One road runs diagonally from the upper left to the lower right of the image, with another street
branching off from it. These roads are likely covered in mud and debris, making them impassable.
In the lower left corner of the image, there’s a large area that appears to be a parking lot. It’s filled
with numerous cars, all of which are likely abandoned due to the flooding. The overall scene is
one of destruction and chaos. The floodwaters have transformedwhat was once a peaceful town
into a landscape of mud, debris, and abandoned vehicles. The aerial perspective provides a stark,
comprehensive view of the extent of the damage, highlighting the vulnerability of urban areas to
flooding and the rapid pace at which a town can be destroyed by water.
Image description of Figure 94

The image shows an aerial view of a landscape that has been severely impacted by flooding. The
drone is positioned in the upper right corner of the frame, providing a wide-angle perspective of
the scene below. The most striking feature is a large river that has swollen beyond its normal
banks, inundating the surrounding area. The water appears to be a murky brown color, likely due
to sediment and debris suspended in it. The floodwaters have inundated what seems to be a
parking area or road, turning it into a vast expanse of water. In the foreground, there’s a notable
area of bare earth, which could be a cleared space or possibly the foundation of a building that
has been damaged by the flood. This area stands out against the surrounding water and veg-
etation. The landscape is predominantly green, with numerous trees visible in the background
and scattered throughout the flooded area. These trees appear to be in various states, possi-
bly affected by the flood or simply part of the natural landscape. On the left side of the image,
there’s a white building visible. While it’s not clear if this structure is still functional or severely
impacted by the flood, its presence adds to the sense of scale and human impact on this natural
environment. The overall layout of the scene suggests a rural or semi-rural setting, with the river
likely being a major water source for the area before its overflow. The aerial view provides a
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(a) Real image of a flood from the ahrtal region [Credit: DLR-
ZKI 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 93. Real origin flood image and synthetic resulting image comparison num.1

unique perspective on how natural disasters can dramatically alter landscapes and force people
to evacuate or face significant damage to their property. This image captures a moment of tran-
sition, where the natural landscape is being reshaped by floodwaters, and human structures and
communities are being forced to adapt to the new conditions.

(a) Real image of a flood from the Ahrtal region [provided by
DLR]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 94. Real origin flood image and synthetic resulting image comparison num.2

Image description of Figure 95

The image shows a drone’s-eye view of a flooded landscape, likely captured shortly after a sig-
nificant flood event. The scene is dominated by a large, murky brown river that has inundated
the area, turning what was once a picturesque town into a waterlogged environment. The river is
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filled with debris, including fallen trees and branches, which are scattered throughout its width.
This suggests a powerful flood event that has swept through the area, uprooting trees and de-
positing them in the water. On the right side of the image, we can see the aftermath of the
flooding. The land appears to be a mix of dirt and patches of grass, with some areas still show-
ing signs of recent construction. This could indicate that the town is in the process of recovery and
reconstruction following the flood. The left side of the image is where themost dramatic changes
are visible. There’s a large white building that stands out against the surrounding greenery. This
structure appears to be intact and unscathed, contrasting sharply with the flooded surroundings.
The landscape is framed by trees on both sides of the river, creating a natural border. In the back-
ground, rolling hills covered in dense forest can be seen, providing a stark contrast to the flooded
town below. The sky above is overcast, with a grayish hue that adds to the somber mood of the
scene. This cloudy sky likely contributed to the flood conditions by potentially increasing rain-
fall. Overall, the image presents a complex scene of destruction and resilience. The flood has
transformed the town into a watery landscape, but signs of human presence and activity, such
as the nearby building and ongoing construction, suggest that the area is not completely aban-
doned. The drone’s perspective offers a unique view of how nature and human development can
be dramatically affected by such events, while also showcasing the town’s resilience in the face
of adversity.

(a) Real image of a flood from the Ahrtal region [provided by
DLR]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 95. Real origin flood image and synthetic resulting image comparison num.3

Image description of Figure 96

The image shows a village in the aftermath of a significant flood event. From a drone’s perspec-
tive, we can observe: 1. Flooding: The most prominent feature is the extensive flooding of the
village. Many buildings are partially or completely submerged, with only rooftops and upper
floors visible above the water level. 2. Construction activity: There’s active construction work in
progress, particularly noticeable in the bottom left of the image. A large area has been cleared
of vegetation and dirt, likely to prevent further water damage and create a dry space for future
construction. 3. Buildings affected: Most of the visible buildings are white, with some brown
structures also visible. The floodwaters have inundated the lower portions of these buildings,
leaving only the upper floors exposed above the water. 4. Landscape changes: The flood has
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dramatically altered the landscape. The water level has risen significantly, submerging most of
the lower areas of the village. The surrounding terrain, including hills visible in the background,
has been affected by the water. 5. Community efforts: Despite the devastation, there are signs
of ongoing community action. A white van is parked in front of one of the partially submerged
buildings, and a tractor can be seen in the flooded area, likely being used for rescue or recovery
operations. 6. Infrastructure: The flood has likely damaged or destroyed much of the village’s
infrastructure, including roads, power lines, and other utilities. These may be under repair or
assessment. 7. Resilience: The presence of construction equipment and the ongoing commu-
nity efforts suggest that the village is already beginning to recover and rebuild, showcasing the
resilience of its residents. This aerial view provides a stark picture of the flood’s impact on the
village, highlighting both the destruction caused and the ongoing efforts to recover and rebuild.

(a) Real image of a flood from the Ahrtal region [provided by
DLR]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 96. Real origin flood image and synthetic resulting image comparison num.4

Image description of Figure 97

The image shows an aerial view of a flooded landscape following a flood. The scene is dom-
inated by a large body of murky, brown water that appears to be a river or creek. The water
level is significantly elevated, likely due to heavy rainfall or a river overflowing its banks. In the
foreground, there’s a notable metal fence or barrier running along the edge of the water. This
structure seems to be serving as a flood control measure, attempting to prevent the water from
spreading further into the surrounding area. The floodwater has inundated what appears to be a
rural or semi-rural setting. In the background, I can see a dense forest with lush green trees, pro-
viding a stark contrast to the flooded foreground. To the right side of the image, there’s a patch of
land that looks like it could be farmland. It appears to be an agricultural area, with rows of crops
visible. This suggests that the flood may have affected both natural habitats and cultivated land.
The overall layout of the scene is characterized by the juxtaposition of the floodwater, the flood
control structure, and the surrounding landscape. The aerial perspective provides a comprehen-
sive view of how the flood has impacted this area, showing the extent of water coverage and the
potential long-term consequences for the local environment and ecosystem. This image offers a
powerful visual representation of the impact of flooding on rural landscapes and the importance
of flood control measures in protecting both natural habitats and human settlements.
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(a) Real image of a flood from the Ahrtal region [Credit:
Arbeiter-Samariter-Bund Deutschland e. V. 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 97. Real origin flood image and synthetic resulting image comparison num.5

Image description of Figure 98

The image shows a drone’s-eye view of a severely damaged bridge in the aftermath of a flood.
The bridge, which appears to be a railroad bridge based on its structure, is completely destroyed
and lying in the water. It’s covered in debris, primarily consisting of wood, branches, and other
materials that have washed up from the floodwaters. The bridge spans across a body of water
that looks murky and brown, likely due to the sediment and debris from the surrounding land-
scape. The water level appears to be quite high, submerging much of the bridge’s structure. On
one side of the bridge, there’s a small patch of land visible. This area has some grass and a few
trees, but it’s clear that the flood has affected this section as well, though to a lesser extent than
the bridge. The scene is one of widespread destruction. The bridge, which would typically be
a vital infrastructure piece, is now rendered useless and unsalvageable. The debris scattered
across the water and on the surrounding land emphasizes the force of the flood and the amount
of material that was moved by the water. This image provides a stark visual representation of
the devastating impact of natural disasters on infrastructure and the environment. It serves as a
powerful reminder of the need for preparedness and resilience in the face of extreme events.
Image description of Figure 99

The image shows a devastating scene of a town ravaged by flooding. From a drone’s perspective,
we can see a landscape transformed by water and destruction. In the foreground, there’s a road
running diagonally across the image. On this road, we can observe several vehicles: 1. A yellow
truck with a large container 2. A black truck 3. A white truck with a red back These vehicles
appear to be navigating the flooded road, possibly delivering aid or assessing the damage. The
most striking feature of the image is the area of destruction in the middle. This section shows:
1. A house that has been completely destroyed 2. Debris scattered around, including wood and
other building materials 3. A muddy, wet ground, indicating recent flooding The destruction ex-
tends to multiple buildings in this central area, highlighting the widespread nature of the flood’s
impact. In the background, we can see: 1. More houses, some still standing but likely damaged
2. Trees, some of which may have been uprooted by the floodwaters 3. A grassy area, possibly a
park or open space The overall layout of the scene suggests this is a residential area, with houses
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(a) Real image of a flood from the Ahrtal region [Credit:
Arbeiter-Samariter-Bund Deutschland e. V. 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 98. Real origin flood image and synthetic resulting image comparison num.6

and green spaces intermingled. However, the flood has transformed this area into a scene of dev-
astation. The drone’s perspective provides a comprehensive view of the damage, allowing for an
assessment of the scale and nature of the flood’s impact on this community. The presence of the
vehicles on the road indicates that life is continuing, albeit in a dramatically altered state. This
image captures a moment of crisis, showcasing the vulnerability of urban areas to flooding and
the immediate human response required in the aftermath of such natural disasters.

(a) Real image of a flood from the Ahrtal region [Credit:
Arbeiter-Samariter-Bund Deutschland e. V. 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 99. Real origin flood image and synthetic resulting image comparison num.7

Image description of Figure 100

The image shows a landscape that has been significantly impacted by flooding. In the foreground,
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there’s a river that has swollen with water, causing significant erosion along its banks. The river’s
bed is now filled with debris, including fallen trees and other natural materials, which have been
washed down from higher elevations. A notable feature in the scene is a stone bridge that spans
across the river. This bridge appears to be partially damaged, with some sections collapsed or
damaged, particularly on the right side. The structure of the bridge is still visible, but it’s clear
that it’s struggling to maintain its integrity in the altered landscape. On the left side of the im-
age, there’s a large concrete pillar supporting the bridge. This pillar is likely part of the bridge’s
original support structure, and its presence indicates that the bridge was once a more robust and
stable construction. The surrounding area is densely forested, with a thick canopy of trees visible
beyond the river. This lush greenery contrasts sharply with the damaged infrastructure in the
foreground. The overall scene depicts a landscape that has been dramatically altered by flood
waters. The river’s increased water volume and debris content, along with the damaged bridge,
suggest a significant change in the area’s water cycle and possibly climate patterns. The scene
captures the immediate aftermath of a major flood event, showcasing both the natural beauty of
the area and the destructive power of water.

(a) Real image of a flood from the ahrtal region [Credit:
Arbeiter-Samariter-Bund Deutschland e. V. 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 100. Real origin flood image and synthetic resulting image comparison num.8

Image description of Figure 101

The image shows a drone’s-eye view of a town that has been severely impacted by flooding. The
scene is dominated by awinding river that cuts through the centre of the town, its waters swollen
and muddy, indicating recent heavy rainfall or flooding. On the left side of the river, there’s clear
evidence of flood damage. A large area of land appears to have been submerged, with debris
scattered across the water’s surface. A bridge spans the river, and interestingly, there’s a car par-
tially submerged in the water, a stark reminder of the flood’s intensity. The right side of the river
presents a stark contrast. The land ismostly bare, with dirt and debris visible. A road runs through
this area, and several vehicles can be seen on it - a white van and a black truck are particularly
noticeable. The town itself is composed of numerous white houses with black roofs, clustered
together in what appears to be a typical suburban layout. However, the flood has disrupted this
orderly pattern, with houses and streets likely submerged or damaged. In the background, a
large hill covered in dense forest rises up, providing a natural backdrop to the scene. The trees
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on the hillside appear unaffected by the flood, standing tall amidst the chaos below. The sky is
not visible in this image, focusing the viewer’s attention on the ground-level impact of the flood.
The color palette is predominantly earthy, with shades of brown from the dirt and debris, green
from the trees, and the muddy water of the river. This aerial view offers a comprehensive look
at the town’s layout and the devastating effects of the flood. It’s a powerful image that captures
the vulnerability of urban areas to natural disasters and the significant changes that can occur in
a matter of hours.

(a) Real image of a flood from the Ahrtal region [Credit:
Arbeiter-Samariter-Bund Deutschland e. V. 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 101. Real origin flood image and synthetic resulting image comparison num.9

Image description of Figure 102 The image shows a drone’s-eye view of a flooded rural land-
scape after heavy rainfall. The scene is dominated by a muddy river that has swollen to an un-
usually wide width, covering much of the visible terrain. The water has a thick, brownish-yellow
hue, indicating significant pollution or sediment content. The river’s banks are lined with dense
green trees on both sides, creating a stark contrast between the lush vegetation and the muddy
waters. The trees appear to be thriving, suggesting this flooding may be a recurring event in the
area. To the right of the river, there’s a grassy field that’s partially submerged. This field is dotted
with small puddles and patches of standing water, indicating the extent of water saturation in
the soil. The sky above is overcast with gray clouds, which adds to the somber and the dramatic
atmosphere of the scene. The lack of direct sunlight suggests that the image was taken dur-
ing a cloudy day, possibly in the afternoon. The overall layout of the scene is characterized by
the wide, muddy river running through the center of the image, flanked by trees on both sides
and a grassy field to the right. The color palette is predominantly earthy, with various shades
of brown, green, gray, and white dominating the view. This image captures the immediate af-
termath of a flood event, showcasing the dramatic impact of heavy rainfall on rural landscapes.
It provides a unique perspective on how water can transform natural environments, temporarily
turning everyday fields into vast, muddy waters.
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(a) Real image of a flood from the Ahrtal region [Credit:
Bavarian Red Cross 2021]

(b) Generated image usingmolmo to get the description and
Flux.1-dev [image generated by ATOS]

Figure 102. Real origin flood image and synthetic resulting image comparison num.10
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E. Stable Diffusion XL
fire Inpaint + Flux.1 dev
Refinement pipeline

Figure 103. ComfyUI generation pipeline Stable Diffusion XL Inpaint + Flux.1 dev Refinement to augment imageswith fire

[credit ATOS]
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F. Image Upscale RealESRGAN
pipeline

Figure 104. ComfyUI Image Upscale RealESRGAN pipeline on augmented fire images [credit ATOS]
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G. Flux.1-kontext-dev flood
augmentation pipeline

Figure 105. ComfyUI Flux.1-kontext-dev flood augmentation pipeline [credit ATOS]
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H. Flux.1-fill-dev people inpaint
pipeline

Figure 106. ComfyUI Flux.1-fill-dev people inpaint pipeline [credit ATOS]

Pag. 143 of 145 Copyright © 2025TEMA | DELIVERABLE D3.4: Report on AI
model adaptability to extreme data



 

 

  

This project has received funding from the European Union – European Commission under grant agreement No 101093003 

 

I. SDXL DAAM explanation
pipeline

Figure 107. ComfyUI SDXL DAAM explanation pipeline [credit ATOS]
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J. Heatmap analisis Algorithm
Algorithm 1Heatmap analisis Algorithm

Require: Heatmap grayscale image I , Background image B

Ensure: Binary mask M , Blended overlay O, Bounding box image BB

1: Load heatmap grayscale image I

2: Apply Gaussian blur to I→Iblur
3: Reshape Iblur into 1D vector
4: Apply K-means clustering (K=2) on vector
5: Reshape cluster labels back to image dimensions →L

6: Select brighter cluster as foreground
7: Generate binary mask M from L (foreground=255, background=0)
8: Apply morphological closing on M

9: Apply morphological opening on M

10: Remove connected components in M with area < threshold
11: Extract contours from M

12: Compute bounding box enclosing all contours →BB

13: Draw bounding box on background image
14: Overlay M onto background image B

15: Blend overlay with alpha transparency →O

16: Save M , O, and BB as output files
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