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Executive Summary

Deliverable D3.2 “Final report on algorithms for extreme data analytics” is the second deliverable
of WP3 within the TEMA project. It documents the research results of tasks T3.1 “Explainable
and robust analytics”, T3.2 “Real-time semantic visual analysis and remote sensing” and T3.3
“Social media and text semantic analysis” carried out between M19-M30. These tasks address
the challenges of extreme data analytics for Natural Disaster Management (NDM) by leveraging
heterogeneous and dynamic data sources, such as satellite imagery, geospatial data, sensor in-
puts and multilingual social media content. WP3 focuses on the development of novel, fast and
trustworthy Artificial Intelligence (Al) algorithms that can process complex multimodal data in
real time across the edge-to-cloud continuum.

Major technical advancements include new explainability frameworks (T3.1) that significantly
improve the speed and interpretability of local and global eXplainable Artificial Intelligence (XAl)
methods, increasing trustworthiness KPIs under Objective OA1. In visual analytics (T3.2), Deep
Neural Network (DNN)-based models for fire, smoke, flood, and burnt area segmentation, as
well as object detection, achieved substantial gains in accuracy and speed. Notably, new meth-
ods outperformed previous state-of-the-art by up to 13.4% in classification accuracy (e.g., fire
and burnt area segmentation), and up to 17% in segmentation quality for weakly-supervised
tasks. Real-time analysis capabilities were confirmed across all visual components, fully ad-
dressing Objective OA3.

In the domain of text and social media analytics (T3.3), aJoint Spatio-Temporal Topic-Sentiment
(JSTTS) model integrated multiple modalities (semantic, sentiment, spatial, temporal) and out-
performed sequential baselines by up to 5x in topic quality, marking a major advancement in
extreme text data analysis. Few-shot learning and spatio-temporal enrichment also led to up
to 14% improvement in relevance classification accuracy. Additionally, a novel sentiment an-
notation framework using graph-based Trustworthy Majority Voting improved sentiment clas-
sification by up to 13.4% over the previous state-of-the-art. Furthermore, a novel method for
Aspect-based Emotion Analysis (ABEA) was researched. These advances fulfill or exceed the
KPI targets defined for objectives OA2 and OA3.

Altogether, all KPIs, objectives, and target values defined for WP3 have been successfully ad-
dressed. A total of 32 peer-reviewed publications and 8 preprints were produced. The de-
veloped algorithms feed into the TEMA Core and support platform components across WP4 and
WPs. As a public deliverable, D3.2 not only presents key research outputs but also contributes to
the dissemination of TEMAs scientific achievements in trustworthy, scalable, and rapid extreme
data analytics.
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1. Introduction

1.12. Purpose and scope of the document

Deliverable D3.2 “Final report on algorithms for extreme data analytics” is the second Deliver-
able of the third Work Package (WP3) of the TEMA project. The main purpose of this documentis
to report the initial research results of Tasks T3.1 “Explainable and robust analytics”, T3.2 “Real-
time semantic visual analysis and remote sensing” and T3.3 “Social media and text semantic
analysis” between M19-M30. Herein, this deliverable builds on the contents of Deliverable 3.1,
which was submitted in June 2024.

The TEMA research efforts in the time period between M19 and M30 were focused on the fol-
lowing areas:

e Novel trustworthy Al algorithms for Deep Neural Networks (DNNs).

e Deep learning architectures for semantic visual analysis.

e Novel methods for satellite and Synthetic Aperture Radar (SAR) data analysis and remote
sensing.

e Deep learning architectures for semantic analysis of geosocial media posts, news articles
and textual content.

¢ Distributed semantic analysis across the edge-to-cloud continuum.

1.2. Structure of the document

NB: Each sub-section of this document contains the research progress made in the TEMA
project between M19-M3o0 for the respective research tasks. Each sub-section 1.) briefly de-
scribes the state of the art (both internationally and the state of the research from TEMA's first
reporting period M1-Ma8), and 2.) summarizes the research progress in the TEMA project in
the second reporting period M19-M3o0.

The remainder of the document is structured as follows. Section 2 summarizes the main research
efforts and key outputs, with respect to TEMA objectives. Section 3 lays out the development of
novel trustworthy Al algorithms for DNNs. Section 4 describes the development novel semantic
visual analysis and remote sensing Al algorithms for heterogeneous data modalities. Section 5
elaborates on the development of novel semantic analysis algorithms for geosocial media posts
and textual content. Finally, conclusions are drawn in Section 6.
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2. Summary of the work car-
ried out

2.1. Objectives

TEMA envisions addressing the challenges in extreme data analytics for Natural Disaster Man-
agement (NDM) like regional floods, flash floods, and wildfires by leveraging heterogeneous data
sources including edge devices and sensors (e.g., drones, wind sensors, stream flow gauges etc.),
satellite images, geospatial data, meteorological data, and geosocial media. These data sources
are heterogeneous, voluminous, frequently updated, complex, multilingual, dispersed, sparse,
and extreme in nature. The main objective of TEMA WP3 "Trustworthy Federated Analytics,"
(M1-M30) is to develop novel methods for accurate and fast/real-time semantic data analytics
using inputs from multiple modalities. This includes creating algorithms for trustworthy Al, fed-
erated analytics, and DNN data scarcity mitigation. This involves distributed semantic analysis
across the edge-to-cloud continuum to minimize latency, using Al and DNNs for trustworthy
and flexible heterogeneous data analytics. Fast computations are crucial for decision-making in
emergencies, supported by the vast cloud computing resources, spanning the entire edge-to-
cloud continuum to meet the demands of extreme data analytics.

The specific TEMA objectives linked to Tasks T3.1, T3.2, and T3.3 are derived from existing chal-
lenges in extreme data analytics and from the socially relevant use-cases, i.e., regional floods,
flash floods, and forest fires/wildfires. They are presented below, along with accompanying KPIs
and TVs as defined in Section 1.1.1 of Part B of TEMAs Description of the Action (DoA). Task
T3.1 contributes to TEMA objective OA1 “Increase trustworthiness of extreme data analysis al-
gorithms”. Task T3.2 and T3.3 contribute to TEMA objectives OA2 “Increase accuracy of extreme
data analysis algorithms” and OA3 “Increase responsiveness/speed of extreme data analysis al-
gorithms”.

Section 2.2 summarizes the Research and Development (R&D) activities conducted under Tasks
T3.1, T3.2, and T3.3 by TEMA partners, aligned with TEMA objectives in their natural order.
First, it highlights innovations in explainable and robust Al, including new methods for scalable
concept-based explainability and interpretable diffusion model outputs. Second, it outlines major
advancements in visual data analytics for fire, flood, and object detection with significant gains
in accuracy and speed. Satellite-based segmentation and damage assessment were enhanced
through deep learning and cloud deployment. Additionally, breakthroughs in social media anal-
ysis were achieved through joint topic-sentiment modelling and multilingual classification ap-
proaches and improved sentiment/emotion analysis.
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2.2. Summary of the work carried out with re-
spect to the objectives

Between M19g and M30, the following R&D work was carried out with respect to the objectives
and KPIs of TEMA.

2.2.1. Explainable and robust analytics
Generic XAl

To address the shortcomings of state-of-the-art explainability methods, which often suffer from
noise sensitivity, feature scaling issues, and lack of systematic evaluation, FHHI introduced sev-
eral significant innovations. Key advancements include pattern-based Concept Activation Vec-
tor (CAV) that improve robustness and invariance, statistical learning formulation of pattern-
CAV, semi-automated frameworks for spurious behavior detection and mitigation, and non-linear
manifold-based concept definitions for better latent space understanding. Furthermore, FHHI
proposed new training objectives for disentangled concept steering, automatic evaluation frame-
works for textual feature descriptions (Concept Synthesis (CoSy), Feature Alignment to Descrip-
tion Evaluation (FADE)), XAl-based pruning and gradient-free training methods (Layer-wise Feed-
back Propagation), and released the open-source library quanda for systematic benchmarking of
training data attribution methods. These efforts advance both the interpretability and robustness
of Al models, exceeding the "Speed of local XAl" and "Speed of global XAI" KPIs of Objective
OA1, by providing fast, scalable, and quantifiable explanation generation and evaluation tools
across multiple modalities, ensuring that local and global explanations are delivered in near-real-
time.

XAl on diffusion models for image generation

To overcome the opacity of diffusion model generation processes and improve transparency in
automated image labelling, ATOS adopted advanced explainability tools such as Attention Map
Diffusers. These methods extend beyond prior work like Diffusion Attention Attribution Model
(DAAM) [21] by enabling precise token-level attention mapping during the de-noising process
in state-of-the-art diffusion models including Stable Diffusion XL, SD 3.5, and Flux.1. ATOS
leveraged these capabilities to develop scalable, interpretable image annotation pipelines where
generated attention maps are used to automatically derive bounding boxes for specific prompt
elements, such as "fire" or "smoke" in drone imagery. This advancement enhances both the in-
terpretability and operational usability of diffusion-generated imagery, substantially accelerating
the labelling process while maintaining semantic accuracy. The fast, token-level explainability
addresses the "Speed of local XAIl" KPI under Objective OA1, ensuring that explanations are
produced efficiently enough to be integrated into near-real-time data pipelines. Details of these
developments are presented in Section 3.3 and demonstrated in Figures 4 to 8.

Decentralised DNN inference for forest fire classification

To overcome the scalability and robustness limitations of previous decentralized inference
methods such as Majority Voting and Quality of Inference (Qol) [22], described in D3.1, AUTH
introduced the Shard-based Byzantine Fault Tolerant (S-BFT) consensus mechanism. This novel
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approach partitions the decentralized DNN network into task-relevant shards using Out-of-
Distribution (OOD) detection, enabling consensus only among nodes with domain expertise. The
S-BFT protocol significantly improves classification accuracy, outperforming previous methods
like Majority Voting and Qol by over 20%20 on fire classification and relevance classification
datasets.

The systems resilience to Byzantine faults, combined with its efficient scalability, marks a major
advancement in real-time decision-making for high-risk environments. These improvements
exceed the "Image Recognition Accuracy" KP| of Objective OA2 by providing a robust and
scalable inference framework. Additionally, the method preserves decentralized, real-time
operation, directly supporting the objective OA3 to increase responsiveness. Full technical
details are provided in Section 3.3 and a related conference publication [23].

2.2.2. Al algorithms for visual data analysis

Fire and smoke region segmentation

To address the limitations of single-modality fire and smoke detection systems, AUTH developed
a novel intermediate image fusion architecture that combines visible (RGB) and Infrared (IR)
modalities using dynamic attention mechanisms within a lightweight real-time DNN. This archi-
tecture integrates a U-Net-inspired decoder with skip connections to enhance spatial precision,
enabling robust segmentation even in the presence of dense smoke, sensor misalignment, and
partial sensor failures. Evaluated on the FLAME2 dataset [1], the proposed method outperforms
all SOTA fusion-based segmentation models across all classes and metricsachieving a 94.37%
average recall and 88.17% mloU, with notable improvements in the challenging fire class.
These results clearly demonstrate a significant advancement in both Segmentation accuracy
(Objective OA2) and inference speed (Objective OA3), satisfying the Visual analysis speed KPI
for real-time deployment in high-risk wildfire scenarios. This method is described in Section
4.2.1 and a technical report that has been submitted in the form of a journal paper.

To tackle the scarcity of annotated data in fire region segmentation, AUTH proposed PlXel-
based Unsupervised Semantic Segmentation (PXL-USS), a novel method that leverages sparse
pixel-level prompts and dynamic thresholding for unsupervised learning. By using minimal an-
notations as class prototypes and dynamically computing contrastive loss thresholds within the
self-Dlstillation with NO labels (DINO) [24] feature space, the method ensures effective feature
clustering without manual hyperparameter tuning. Evaluated on the Corsican Fire Database
[14], PXL-USS achieves up to 78.23% mloU, outperforming previous SOTA unsupervised models
like Self-supervised Transformer with Energy-based Graph Optimization (STEGO) by 17%,
while requiring significantly fewer computational resources. This surpasses the Semantic
segmentation accuracy KPI under Objective OA2, validating its accuracy and practicality in
resource-constrained, real-time fire detection applications. This method is described in Section
4.2.2 and a technical report that has been submitted in the form of a journal paper.

Flood region segmentation

To address the visual appearance imbalance between flooded regions (foreground) and cluttered
backgrounds in real-world imagery, AUTH developed a novel Self-Knowledge Distillation (KD)
framework. This method trains a Teacher model on variance-reduced, augmented inputs while
the Student model learns from real data, enabling it to focus on flood-discriminative features
and suppress background noise. The approach is model-agnostic, operates exclusively during
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training, and introduces no inference-time overhead, making it ideal for real-time flood segmen-
tation. Applied to PIDNet [6] and other real-time semantic segmentation models, the method
consistently improves mean Intersection over Union (mloU) performance over both baseline
and feature-based KD variants. In particular, it achieves a 1% absolute mloU improvement over
AUTH'’s previous SOTA reported in D3.1 and a 4.5% gain compared to prior methods on the
FloodSeg dataset [25]. These results fulfill Objective OA2 by significantly "Increasing accuracy
in extreme data analysis". Furthermore, as the method maintains real-time processing capability,
it directly contributes to Objective OA3, achieving the "Visual Analysis Speed" KPI. This method
is described in Section 4.2.5 and a conference paper [26].

Person and car detection in flooded areas

To address training instabilities in object detection tasks involving significant variation in object
sizes, AUTH introduced a coordinate-based weighting strategy for the L; loss, referred to
as Localization Size Balancing (LSB), which emphasizes smaller objects during training. This
method was integrated into RT-DETR-R18 [&], a real-time DEtection TRansformer (DETR)-based
detection model, and evaluated on challenging scenarios such as person and car detection in
flooded regions, as well as on the VisDrone dataset [18], which contains small and densely
packed persons and cars. The results demonstrate consistent improvements in both mean
Average Precision (mAP) and mAP50 metrics compared to YOLO-based baselines. This satisfies
Objective OA2 by increasing the accuracy of extreme data analysis algorithms by 5%, particularly
in complex environments. Additionally, due to its integration in RT-DETR, a real-time detection
framework, AUTH method meets Objective OA3, improving responsiveness and exceeding the
KPI for “Visual analysis speed” in time-critical applications. This method is described in Section
4.2.7 and a conference paper [27].

Visual privacy preservation

Through the development of two novel, privacy-preserving systems, one for facial anonymiza-
tion based on the lightweight CenterFace model and another for license plate anonymization
using YOLOv11-small, AUTH has demonstrated high-speed, resource-efficient visual analysis
solutions suitable for real-world deployment. Both systems operate in real time, even on
low-power edge devices, and support batch processing, enabling rapid analysis in large-scale
surveillance and emergency response scenarios. The facial detection method ensures privacy
in crowded or sensitive environments such as shelters, while the license plate detection system
enables privacy-aware monitoring in transportation and public spaces. Together, these methods
exemplify how extreme-scale visual data can be processed quickly and securely, without
compromising individual privacyfully addressing the responsiveness and efficiency goals set out
in OA3 “Increase Responsiveness/Speed of Extreme Data Analysis Algorithms.” The developed
method is described in detail in Section 4.2.8.

2.2.3. Satellite data analysis

Satellite-based flood detection and assessment

To further advance the satellite-based flood detection and assessment technology, DLR ex-
tended its modular processing system by integrating new DNN models optimized for water seg-
mentation across multiple satellite sensors and deploying the automated processing chain on a

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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

Pag. 22 of 107




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

Kubernetes cluster. This enabled faster processing and result dissemination through publicly ac-
cessible Open Geospatial Consortium (OGC) Web Map Service (WMS) and SpatioTemporal Asset
Catalog (STAC) Application Programming Interface (API), allowing seamless integration into the
TEMA platform. Additionally, DLR enhanced the reference datasets and demonstrated the added
value of fusing remote sensing data with social media information for rapid hotspot identification
in disaster scenarios. Major speed improvements were achieved through the direct downlink
of Sentinel-1 data at the DLR Neustrelitz receiving station, reducing the time between image
acquisition and availability for analysis by a factor of 5 compared to the Copernicus Data Space
Ecosystem. Moreover, DLR developed and benchmarked object detection models on very high-
resolution (<am Ground Sample Distance (GSD)) orthoimages, achieving a mAP@o.5 of 0.57 for
buildings and vehicles with YOLOvsl models, ensuring robust cross-platform generalization crit-
ical for disaster response. These advancements significantly exceed the TEMA KPlIs for Objective
OA2 “Increase accuracy of extreme data analysis algorithms” and Objective OA3 “Increase
responsiveness/speed of extreme data analysis algorithms,” by improving flood segmentation
accuracy, dramatically reducing end-to-end data processing times, and enabling faster, higher-
frequency disaster monitoring. Real-world deployments during the Thessaly floods (Greece,
2023), the Southern Germany floods (2024), and the Central Europe floods (2024) validated the
operational readiness and high scalability of the system implemented within TEMA, with over
1,000,000 km? monitored and hundreds of real-time flood masks generated within days,

Satellite-based fire detection and assessment

DLR has enhanced its Burnt Area (BA) detection system by developing a Near Real-Time (NRT)
deep learning-based mapping framework that combines a novel superpixel-based segmentation
technique with a Graph Convolutional Network (GCN) model. Building on the flexible multi-
sensor processing chain, the new DLRBAvV2NRT system achieves daily BA perimeter generation
using mid-resolution optical imagery and active fire data. Extensive evaluations against previous
DLR rule-based methods (DLRBAvaNTC [28]) and established machine learning models (Ran-
dom Forest, LightGBM), as well as comparisons with standard products such as MCD64A1vo61
and CGLBA31nrt, demonstrate major accuracy and timeliness gains. Specifically, DLRBAv2NRT
achieved an average Intersection over Union (loU) of 0.69 and F1-score of 0.812 with a product
availability of under one houroutperforming CGLBA31nrt (loU 0.62) and MCD64A1vo61 (loU
0.67). The monthly-refined DLRBAv2NTC product reached an even higher loU of 0.71. These
improvements result in a 7% loU gain over previous standard products and build on earlier TEMA
developments that already demonstrated a 23% improvement over Copernicus Emergency
Management Service (EMS), JRC European Forest Fire Information System (EFFIS), and NASA
MCD64A1 baselines. These advancements substantially exceed the TEMA KPIs for Objective
OA2 “Increase accuracy of extreme data analysis algorithms” and Objective OA3 “Increase
responsiveness/speed of extreme data analysis algorithms,” by providing more accurate and
faster burned area mapping capabilities suitable for operational emergency response and
environmental monitoring.

2.2.4. Social media and text semantic analysis

Semantic topic modelling

Within TEMA, IT:U achieved major advancements beyond the state-of-the-art in semantic
analysis of social media data, directly contributing to OA2 "Increase accuracy of extreme data
analysis algorithms" and OA3 "Increase responsiveness/speed of extreme data analysis al-
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gorithms". An improved Joint Spatio-Temporal Topic-Sentiment (JSTTS) model was developed
during the second reporting period, successfully integrating semantic, sentiment, spatial and
temporal information into a unified framework. Across four multilingual disaster datasets, JSTTS
consistently outperformed traditional sequential workflows, achieving up to 5x higher Topic
Quality (TQ) scores and significantly improving Sentiment Uniformity (SU) (+29%) within clus-
ters. In addition, a topic summarisation and information extraction module based on Llama-2 was
developed, further improving interpretability for rapid disaster response applications. Multilin-
gual processing capabilities were systematically validated, showing robust performance across
English, German, and Spanish datasets. Parallel to this, IT:U advanced relevance classification
by developing a few-shot learning framework using small language models (e.g., GPT-40-mini,
Qwen2.5 7B) and contrastive learning with SetFit, achieving an average macro F1-score of 0.77
and outperforming previous methods by up to 14%. The integration of spatio-temporal features
with TWHIN-BERT-base further boosted performance to a macro F1 of 0.814. These advances
demonstrate substantial gains in semantic analysis speed and accuracy, allowing real-time or
near-real-time extraction of actionable information from multilingual social media streams, and
fully meeting the targeted KPIs for extreme data analysis under OA2 and OA3.

Text sentiment analysis

Within TEMA, substantial advances were achieved in sentiment and emotion analysis of short
texts, directly contributing to OA2 "Increase accuracy of extreme data analysis algorithms".
AUTH developed the novel graph-based Trustworthy Majority Voting (TMV) method, which
improved annotation robustness and achieved a balanced accuracy increase of up to 13.4% com-
pared to the previous state-of-the-art Loss-Modeling approach. Furthermore, the AnchorBERT
model was introduced for multi-label sentiment classification, combining the advantages of
independent binary classification and sentiment interrelation modelling, leading to consistently
higher classification performance across several datasets. In emotion analysis, the adaptation
and fine-tuning of the GRadient hArmonized and CascadEd labeling (GRACE) model for aspect-
based emotion analysis (EmoGRACE) resulted in a 6 percentage point F1-score improvement,
establishing a new baseline for fine-grained emotional content detection. High-quality training
datasets were created through consensus-based labelling, further strengthening model relia-
bility. These advancements demonstrate major relative improvements in both sentiment and
emotion classification accuracyexceeding the +10% accuracy improvement threshold targeted
by OA2. In addition, the focus on lightweight model architectures and improved annotation
workflows contributes to OA3 "Increase responsiveness/speed of extreme data analysis
algorithms", by enabling faster, more robust data processing and model retraining.

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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

Pag. 24 of 107




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

3. Explainable and robust an-
alytics

3.1. Introduction

The TEMA system heavily relies on AI/DNN-based data analysis to make predictions on multiple
data sources and modalities (for instance, using drone images to detect people or segment flood
areas, or using textual data from social media posts to identify relevant information from disas-
ters). Beyond the mere predictions’ quality, it is also essential, especially in such a high-stake
scenario like natural disaster management, to uncover the models’ decision strategies and
ensure robustness of the predictions, to enable trust and reliability in the Al system. This is the
focus of the present Task T3.1 "Explainable and robust analytics".

To achieve this objective, TEMA investigates new XAl algorithms for various input modalities
and architectures, both in terms of explaining individual predictions (i.e., local explanations),
but also in terms of global decision strategies using concepts and prototypical samples (i.e.,
global explanations). Global explanations allow 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, hence making model decisions more robust.

Alongside meeting these objectives, the faithfulness of explanations shall be evaluated through
quantifiable metrics, and the computation times of explanations (both local and global) should
meet specific speed requirements (KPIs) to allow deployment of XAl in near-real-time, both
are also addressed through TEMA advancements, in order to fulfill the TEMA Objective OA1
"Increase trustworthiness of extreme data analysis algorithms".

FHHI is leading the present Task and focuses on generic XAl methods. Parts of the Task output
are integrated into the TEMA software platform and used as input to Task Ts.3 "Augmented
Reality and rapid visualization", as detailed for instance at the end of Section 3.2. ATOS focuses
on XAl for Diffusion Models in image generation, while AUTH develops methods for Al robust-
ness. UNIME provides links to Task T3.4 "Real-time federated analytics" by developing the
edge-to-cloud computational infrastructure to run the XAl component (TFA-tech-02) of TEMA.

3.2. Generic XAl

SOTA (incl. TEMA M1-M18)

XAl has become an essential research field for ensuring transparency and trustworthiness in
machine learning models, particularly DNNs. Generic XAl approaches span a wide variety of
data modalities, but most prominently focus on classification tasks in computer vision and
natural language processing, and very few works tackle other tasks such as object detection or
segmentation. Further, there is a lack of explainable DNN models for fire and flood detection
in the NDM context. Both are research gaps that TEMA aims to close.

Common post-hoc explanation techniques such as Layer-wise Relevance Propagation (LRP)
[29], Occlusion [30], and Gradient Saliency [31] aim to highlight input features responsible for
model predictions. However, the evaluation of XAl methods remains a challenge due to the
lack of ground truth explanations in most scenarios, resulting in conflicting quality estimations.
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Recent TEMA advances such as MetaQuantus [32] propose a meta-evaluation framework to
benchmark XAl quality estimators, this framework was released by FHHI under an open-source
license. A widely-used technique to sanity check explanations without ground truths is to
perform randomisation tests at the model or data level. TEMA work [33] extended the former
by proposing to minimize the effect that noise has on the evaluation through sampling, and by
replacing potentially biased pairwise similarity metrics with an explanation complexity measure
(based on discrete entropy). Lastly, another evaluation approach for XAl is to compare the
usefulness of explainability methods from an end-user perspective [34], which has also been
addressed through previous FHHI work.

Meanwhile, global explanation techniques have emerged, providing concept-based insights
into the model's decision strategies, in particular through Concept Activation Vectors (CAVs)
[35]. Such explanations have applications for model correction, i.e. for mitigating model
reliance on spurious correlations, although such mitigation must additionally manage potential
overcorrection to avoid degrading prediction performance. The reactive model correction
approach R-CLArC, building on P-CLArC, was proposed by FHHI to counteract overcorrection
based on model-derived knowledge and XAl insights [36]. To enhance concept-level corrections,
gradient-based penalization was introduced to robustly mitigate model biases using CAVs [37],
and the robustness of CAVs was further improved beyond traditional Support Vector Machine
(SVM)-based directions.

Prototypical Concept-based Explanations (PCXs) leveraging latent relevance distributions
using Gaussian Mixture Model clustering on top of concept-based relevances enabled new
approaches to outlier detection [38]. More precisely, the latter XAl method developed by FHHI
enables to quantify the similarity between a new prediction and a prototypical model predic-
tion (i.e., a cluster centroid), alongside inspecting the semantic of concepts through visualization
of relevance-maximizing reference samples. In the previous SOTA, PCX was applied solely to
image classification models (using ResNet, VGGNet, EfficientNet architectures) trained on stan-
dard and widely-used image classification tasks (such as ImageNet, CIFAR-10 and CUB-200)
[38]. During the first reporting period of TEMA (M1-M18), FHHI extended the PCX method for
the first time to a natural disaster management use-case by applying this global explanation
technique to a fire classification network using an EfficientNet-Bo architecture that was trained
on a publicly available fire classification dataset [30], as was already reported in the Deliverable
D3.1. During the current reporting period of TEMA (M19-M30), FHHI extended the PCX method
beyond classification models, by widening its scope of application for the first time to both
localization and segmentation models. This was achieved by leveraging and combining the
PCX method, which was so far only applied to classification models, with Concept Relevance
Propagation (CRP) for Localization models (L-CRP) [40], a SOTA XAl method providing concept-
conditional attributions on localization and segmentation models, where concepts correspond
to channels (i.e., filters) in a convolutional layer of the network. In particular, FHHI applied
both PCX and L-CRP to various NDM use-cases: a YOLOv6s6 person and car localization
model developed by AUTH, as well as multiple UNet models for flood and fire segmentation
developed by DLR and AUTH resp. in the context of the TEMA WP3. More details on these
models and tasks can be found in the following Subsection "Advances beyond SOTA: M19-M30".

Besides, FHHI work on mechanistic interpretability led to methods for disentangling polyse-
mantic neurons [411]. The interpretability of predictive uncertainty was explored in [42], for the
particular case where the uncertainty is computed as a variance over an ensemble of predictions.

Beyond computer vision, FHHI extended XAl to time series data: DFT-LRP [43], a method
that combines the discrete Fourier transform and Layer-wise Relevance Propagation, enabled
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interpretable frequency-domain analyses. Audible heatmaps for audio classification as well as
the open-source audio dataset AudioMNIST were introduced in [44], and comparative analyses
of input representations (waveform vs. spectrogram ) using XAl were conducted to uncover
model decision strategies for audio event detection [45]. Another study revealed concepts on
an MRI-based classification model [46].

A further work by FHHI on generic XAl methods is DualView [47], a new scalable training data
attribution method, where the goal is to find training datapoints that are responsible for a given
prediction.

Advances beyond SOTA: M19g-M30

In the current reporting period (M19-M30), FHHI extended its research on generic XAl methods
by introducing new methods that address key challenges such as noise robustness of CAV
directions, statistical interpretability, and concept disentanglement.

Robust Concept Directions. In [48] FHHI proposed pattern-based CAVs, a new method for
concept direction estimation in DNNs which focuses solely on the concept’s signal while filtering
out distractor features. This results in concept directions which are invariant to feature scaling
and more robust to noise rotation in the latent space, improving the reliability of both concept-
sensitivity testing and model correction applications. Building upon this, a subsequent study
by FHHI [49] introduced a statistical learning formulation of pattern-based CAVs using ridge
regression, allowing the mean and covariance of concept directions to be derived analytically.
This enables more stable and statistically interpretable concept representations, especially in
cases where uncertainty estimation is critical. Together, these two contributions advance the
robustness, precision, and reliability of concept-based interpretability in deep learning models.

Model Correction and Concept Alignment. In [50] FHHI proposes a semi-automated XAl-based
framework for the detection and mitigation of spurious shortcut behaviors in computer vision
DNNs using Concept Activation Vectors learned on top of expert-validated biased samples. In
[51] FHHI proposes a novel concept definition as non-linear manifold and leverages a general-
ized Rand index with pseudo-metric properties to measure concept-based alignment, providing
insights into the structure of latent representation within and across Vision Transformer (ViT)
models. Lastly, in [52] FHHI proposes a novel CAV-based training objective penalizing non-
orthogonality between concept directions, thereby encouraging disentangled representations
in latent space with a positive impact on CAV-based steering tasks, i.e., allowing one to add or
remove concepts in isolation without impacting correlated concepts.

Evaluating Textual Feature Descriptions. Another line of research explored by FHHI concerns
explanations of features within DNNs delivered in the form of open-vocabulary textual
descriptions, and in particular how to automatically evaluate such explanations. The Concept
Synthesis (CoSy) framework proposed by FHHI in [53] is an automatic framework for evaluat-
ing textual explanations of neurons in Computer Vision models that leverages a text-to-image
generative model to generate synthetic images from descriptions which are used for inference
to collect activations, and then compare them to those collected on control images, in order
to quantitatively assess the quality of the textual explanations. The Feature Alignment to
Description Evaluation (FADE) framework [54] proposed by FHHI is another such automatic
evaluation framework, but focusing on descriptions of features in Large Language Models
(LLMs). It leverages an evaluating LLM and a natural dataset to automate the evaluation
process, in particular the evaluating LLM is used for rating the strength of concept expression in
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samples and for generating synthetic concept data.

Evaluating Local Attributions. Since numerous local explanation methods exist in the literature
that can explain a model’s decision, either by assigning attribution scores to input features (i.e.,
feature attribution methods), or by assigning scores to training data samples (i.e., training
data attribution (TDA) methods), a standardized and systematic evaluation of attributions is
required to make quantifiable progress in XAl. Hence FHHI releases an open-source Python
library (named quanda) for benchmarking TDA methods [55] under an MIT Licence. It includes
various metrics, datasets and a unified interface for major existing TDA methods, with a main
focus on the Computer Vision domain. Similarly, in order to systematically evaluate feature
attribution methods on Transformer LLMs, FHHI proposes an evaluation study for various
decomposition-based XAl methods on Transformers [56] together with the release of carefully
constructed ground truth annotations for benchmarking attributions on language models.
The latter work by FHHI [56] also introduces a faster and simpler implementation of the
recently proposed Attention-Aware Layer-wise Relevance Propagation (AttnLRP) method for
Transformers [57], reaching a speedup of 1.5x in computation time over the previous SOTA.

XAl for Pruning and Gradient-free Training. Besides local and global explanations, FHHI
investigated additional applications of explanations such as improving model efficiency and
training. In [58] FHHI proposes to explicitly optimize the hyperparameters of attribution
methods (i.e., of local explanations) to prune transformer and convolutional vision models,
achieving higher sparsification rates while still maintaining high prediction performance on
classification tasks. In [59] FHHI introduces Layer-wise Feedback Propagation (LFP), a novel
XAl-based gradient-free training procedure which has applications for neural network pruning,
as well as for the training of non-differentiable models such as Spiking Neural Networks.

Beyond the previously mentioned research outcomes on generic XAl methods, that span
different input modalities (such as images, text, time series), and cover both concept-based as
well as local attribution methods, including the quantitative evaluation and benchmarking of
such methods, FHHI also extended various XAl methods to the TEMA-specific needs in natural
disaster management, in particular by applying XAl on Al models developed by other TEMA
partners for various use-case scenarios of WP3. More concretely, during the current reporting
period (M19-M30), FHHI achieved the following tailored XAl developments through fruitful
collaboration with other TEMA partners:

e Extension and application of the global XAl method PCX [38] introduced by FHHI during
the first reporting period (M1-M18) to localization and segmentation Al models developed
by AUTH on drone images for WP3. The PCX method is a concept-based XAl method
based on a Gaussian Mixture Model (GMM) clustering of concept-based relevances, and
it allows the identification of global model decision strategies through prototypes (i.e.,
cluster centroids), as well as the quantification of similarity between a new prediction
and prototypical predictions, thus enabling the detection of outliers. In the previous TEMA
SOTA, the PCX method was solely applied to classification models, a novel TEMA devel-
opment during M19-M30 is the extension of this method to localization and segmentation
models. More precisely, FHHI implemented PCX on a YOLOv6s6 localization model for
the detection of Persons and Cars in a NDM context (for instance in flooded regions),
as well as on a U-Net flood segmentation model. Both Al models were developed by
AUTH within Task T3.2 "Real-time semantic visual analysis and remote sensing" of WP3,
more particularly within the context of the Subtask "Person and car detection in flooded
areas" described in Section 4.2.7, as well as the Subtask "Flood region segmentation"
described in Section 4.2.5 of the present Deliverable D3.2. The PCX implementation was
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also integrated into the TEMA software platform as the XAl component "TFA-tech-02",
and deployed onto the TEMA cluster, in order to enable end-users and technical partners
to access concept-based XAl visualizations of the models’ predictions in near-real-time.

e Application of the global XAl method L-CRP introduced in [40] by FHHI to segmentation
Al models developed by DLR on satellite images for WP3. CRP [60] is a concept-based
XAl method, where contributions to the predictions are assigned to latent features,
mainly channels in hidden convolutional layers (each channel encoding a specific concept).
L-CRP is an extension of CRP to localization and segmentation models, it allows to
deliver concept-conditional heatmaps, and to identify potential model biases (like reliance
on context instead of object features). More precisely, FHHI implemented L-CRP on two
U-Net based segmentation models for the identification of flood and burnt area. Both Al
models were developed by DLR and trained on Sentinel-2 satellite images within Task T3.2
"Real-time semanticvisual analysis and remote sensing" of WP3, more particularly within
the Subtasks "Satellite-based flood detection and assessment" described in Section 4.3.1
and "Satellite-based fire detection and assessment" described in Section 4.3.2.

e Application of the local XAl method AttnLRP introduced by FHHI in [57] (and which made
more efficient in follow-up study [56]) to a Transformer-based Al model developed by ITU
for the classification of social media posts into disaster-relevant and disaster-irrelevant
information for WP3. AttnLRP is a SOTA decomposition-based attribution method, that
assigns a contribution towards the prediction to single neurons, both in the input layer,
as well as in hidden layers. Such contributions can be summed-up across embedding
dimensions to obtain token-level contributions, and can be further used to build document
embeddings representing the entire document. This allows one to trace back the model’s
classification decision to the most relevant tokens per document or category, as well as to
explore the semantic embedding space of documents. More precisely, FHHI implemented
AttnLRP on a multilingual XLM-RoBERTa classification model for disaster relatedness
classification, this Al model was developed by ITU within Task T3.3 "Social media and
text semantic analysis" of WP3. For further details on this collaboration between FHHI
and ITU we refer to Section 5.6.

In the Figures 1 and 2 we provide some exemplary results fo PCX on the YOLOv6s6 and U-Net
models from AUTH. In these XAl visualizations the top left image represents the current predic-
tion, and the top right image is the nearest prototype from the dataset. Each row corresponds
to one top concept (i.e., a channel in a given convolutional layer of the model), and in the middle
column we visualize the concepts via retrieving the relevance-maximizing samples from the
dataset for each concept. Most importantly the "Difference to prototype" column quantifies the
difference in concept usage between the actual prediction and the prototypical model’s decision.
In Figure 1 we see a prediction for flood segmentation that is similar to a prototypical decision
of the model for all 3 concepts. Although there is some redundancy in the concepts (meaning
all concepts include flood in vegetation areas), the top concept (hnumber 173) is more focused on
roads and bridges, while the second and third concepts (85 and 174) further contain habitations.
In Figure 2 we see a prediction for the localization of a white car. Here the top concept (humber
49) represents a windshield, and this concept is over-used in the actual prediction compared to
the prototype. The second and third concepts (121 and 94) represent a vehicle corner and hood.

In the Figure 3 we visualize all seven prototypes identified by PCX (top images) for the YOLOv6s6
car localization model from AUTH, together with the set of most relevant concepts (left images)
alongside their concept relevance scores (numbers in the grid). We observe that the model
has learned to identify different prototypes of cars: red ambulances (prototype 3), white trucks
(prototypes 2 and i), as well as ordinary cars of different colors (prototypes o, 1, 6, 7). The
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top used concepts are vehicle parts with the same colors as the prototype. Indeed the red
concept (number 41) is almost exclusively used to detect red ambulances (prototype 3), the blue
concept (33) is mainly used to detect cars of the same color (prototype 7). This comprehensively
illustrates the different global decision strategies used by the model to identify cars.
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Figure 1. Example PCX visualization on a flood segmentation prediction using the U-Net model from AUTH.
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Figure 2. Example PCX visualization on a car localization prediction using the YOLOv6s6 model from AUTH.
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Figure 3. PCX prototypes visualization on the YOLOv6s6 car localization model from AUTH.

Additionally, we report in Table 1 the computation of time ratios for the local explanations (i.e.,
the raw attributions) w.r.t. the predictions, as well as the time ratios for the global explanations
(i.e. the concept-based PCX explanations) w.rt. all local explanations on the respective datasets
for the Al models from AUTH. We can see that the KPIs match the TVs for 3 out of 4 ratios, thus

fulfilling the main goals of the TEMA Objective OA1 "Increase trustworthiness of extreme data
analysis algorithms".

Table 1. Comparison of computation time ratios for local and global XAl methods between KPl and TV using the Al
models from AUTH for segmentation and localization. These time ratios are reported as average over 100 samples and
recorded on GPU.

Computation Time Ratio Model # Datapoints KPI TV

local XAl time/prediction time U-Net 1055 2099 4
YOLOvb6s6 695 597 4

global XAl time/all local XAl time U-Net 1055 3.80 10
YOLOv6s6 695 1.34 10

Overall, the explainability advances achieved by FHHI, both in terms of research output on generic
XAl methods, as well as in key NDM use-cases, including fire classification, person and car detec-
tion, as well as segmentation of flood and burnt area, improve the transparency and robustness
of Al models and support their reliable and near-real-time deployment in high-stake scenarios.

4.0
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3.3. XAl ondiffusion models for image gener-
ation
SOTA (incl. TEMA M1-M18)

The explainability of diffusion models, particularly in image generation, is a rapidly evolving
area in Al research with rapid advances, crucial for tasks like image annotation and automated
labelling. These models synthesize images by iteratively de-noising random noise, a generative
process that is inherently opaque and difficult to interpret. To address this, researchers have
focused on visualizing the inner mechanisms of diffusion modelsspecifically, how visual features
evolve and how attention is distributed throughout the generation process [61]. Tools that map
attention across de-noising steps offer a clearer view of how image elements emerge, helping
align model behaviour with human-understandable concepts.

Complementing visual techniques, LLMs are increasingly being used to explain diffusion outputs
in natural language. Methods like X-IQE [62], for instance, generate textual descriptions that
assess the realism, semantic alignment, and aesthetic quality of images created by text-to-
image models. These human-readable evaluations make it easier to understand and validate the
reasoning behind a models output, especially in scenarios where automatic labelling or human
oversight is required.

Advances beyond SOTA: M19-M30

ATOS has been employing recent developments that go beyond earlier approaches such as
Diffusion Attention Attribution Model (DAAM) [21] by introducing more sophisticated tools like
Attention Map Diffusers [63]. These allow for detailed explainability in state-of-the-art diffusion
models, including Stable Diffusion XL [64], Stable Diffusion 3.5 [65], and Flux.1 [66]. At ATOS,
this technology is being leveraged to extract token-level attention maps during the generation
process, enabling granular control and insight over image composition, object placement, and
visual quality. For labelling applications, this is especially powerful: by mapping attention
directly to prompt tokens, we can generate bounding boxes or highlight regions corresponding
to specific concepts. For example, using Flux.1 with the prompt “A fire in a forest with rising
smoke as seen from a drone,” attention maps for the tokens “fire” and “smoke” precisely localize
those elements in the imageresulting in accurate, automated annotations that support scalable
and interpretable image labelling pipelines (see Figures 4, 5, 6, 7, 8).

Decentralized Inference for Forest Fire Classifi-
cation
SOTA (incl. TEMA M1-M18)

During natural disasters, centralized machine learning infrastructures may fail due to network
outages or deliberate cyber-attacks. Collaborative distributed machine learning mitigates these
risks by enabling training and inference across multiple nodes operating independently on the
cloud. Current SOTA methods in collaborative distributed machine learning include federated
learning techniques that facilitate decentralized training across multiple computational nodes
using private datasets without raw data sharing [67, 68]. Additionally, teacher-student KD
methods have been widely adopted for efficient knowledge transfer from large teacher models
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Figure 4. Synthetic Image generated with Flux.1 of a forest fire with smoke.

Figure 5. Attention Map generated for the token "Fire" of the diffusion model

into compact student models, significantly improving computational efficiency and generalization
performance [69, 70, 71, 72]. Advanced variations of KD, such as FitNets [73] and attention-
based methods [74], have further refined the student model training process. Concurrently,
OOD detection methods, such as those employing maximum softmax output probabilities [75],
have been proposed to evaluate whether incoming data are significantly different from the
model’s training distribution, ensuring reliable inference in practical scenarios. However, despite
these advancements, current frameworks typically do not integrate multiple distributed learning
workflows such as federated learning, multi-teacher distillation, and distributed inference within
a single, cohesive cloud-based infrastructure. This integration remains a crucial gap that limits
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Figure 6. Attention Map generated for the token "Smoke" of the diffusion model

Figure 7. Resulting automatic bounding box for the class fire created from the attention map.

the versatility and robustness required in NDM.

As reported in D3.1, in order to address this critical gap, AUTH developed a decentralized DNN
inference framework incorporating two novel methodologies: the Individualized Agent Model
Selection Process (IAMSP) and the pioneering Quality of Inference (Qol) Byzantine Fault-Tolerant
(BFT) consensus protocol. The IAMSP significantly improves recognition performance among
decentralized agents by enabling collaboration and model optimization based on collective
insights, exemplified by an accuracy increase of 16.69% using EfficientNet B4 [76] on fire
recognition tasks. The above-mentioned method proposed by AUTH has been published in the
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Figure 8. Resulting automatic bounding box for the class smoke created from the attention map.

"IEEE International Conference on Image Processing Challenges and Workshops (ICIPCW)" [22].

Advances beyond SOTA

AUTH significantly advances beyond prior work by introducing a decentralized S-BFT consensus
mechanism specifically tailored for D-DNN inference classification. Previously, AUTH developed
the Qol protocol [22], a pioneering approach that addressed Byzantine fault tolerance but faced
substantial scalability limitations as the number of participating DNN nodes increased.

To overcome these challenges, this work extends AUTHSs earlier contributions by implement-
ing a sharding-based consensus approach. This enhancement partitions the DNN network
into independent sub-networks (shards), enabling decentralized inference at scale, thereby
drastically reducing computational complexity and enhancing robustness against attacks,
such as Distributed Denial of Service (DDoS) [77]. Furthermore, unlike previous methods, the
new sharding mechanism incorporates OOD detectors to group nodes with similar domain
expertise, significantly improving system accuracy and reliability. These novel contributions
directly address the scalability and robustness gaps in previous AUTH solutions, setting a
new benchmark for decentralized inference frameworks in critical scenarios, such as NDM. The
developed method is described in detail in a conference paper [23]:

D. Papaioannou, V. Mygdalis and |. Pitas, "A Decentralized Sharding BFT Consensus
Approach, for Efficient Decentralized DNN Inference Classification", 2025 IEEE Symposium
on Computers and Communications (ISCC) - sth International Workshop on Distributed
Intelligent Systems (DistInSys 2025), Bologna, Italy, 2025.

Figure g illustrates the developed decentralized S-BFT consensus architecture designed for
D-DNN inference classification. The figure demonstrates how multiple decentralized DNN nodes
are organized into distinct groups (shards). Each shard autonomously handles local consensus
for classification inference tasks. An OOD detection mechanism ensures nodes within a shard
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share similar domain expertise, optimizing the decision-making process and enhancing the
systems robustness and scalability.
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Figure 9. Decentralized S-BFT consensus architecture for D-DNN classification inference.

table 2 provides a comparative evaluation of the proposed S-BFT consensus protocol against
standard aggregation strategiesAverage, Majority Voting, and Qolacross three benchmark
datasets: CIFAR-10 [11], STL-10 [12], and the within TEMA-developed Blaze [13].

Table 2. Accuracy (%) comparison between the Shard-based Consensus Protocol and competing aggregation methods
across Cifar1o [11], STL-10 [12] and Blaze [13] datasets, highlighting results obtained from one node.

Dataset Average Majority Voting PoQl SBFT (AUTH)
Cifar1o [11] 10.48 54.25 38.38 92.24
STL-10 [12] 11.15 50.64 41.77 76.74
Blaze [13] 9.97 57.52 43.46 84.05

The results clearly demonstrate the superiority of S-BFT in terms of classification accuracy,
significantly outperforming competing methods in all evaluated scenarios. Notably, S-BFT
achieves an accuracy of 92.24% on CIFAR-10, compared to only 54.25% for Majority Voting and
38.38% for Qol [22]. A similar trend is observed on STL-10 and Blaze, where the proposed
S-BFT outperforms the closest alternative by margins exceeding 20%. This performance gain
is attributed to S-BFT ability to isolate and exclude underperforming or irrelevant DNN nodes
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through its Knowledge Self-Assessment (KSA) module, thereby forming task-relevant shards
that foster consensus among only the most competent nodes. These findings validate the
robustness and scalability of the S-BFT approach, especially under scenarios with potential
Byzantine failures or non-Independent and Identically Distributed (IID) data distributions.
This achievement surpasses the targeted "Image recognition accuracy" KPI of objective OA2
"Increase accuracy of extreme data analysis algorithms".

Pag. 37 of 107 Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

4. Real-time semantic visual
analysis and remote sens-

ing
4.1. Introduction

From Mig to M30 of the TEMA project, substantial progress was made in advancing Al-driven
techniques for real-time semantic visual analysis and satellite-based remote sensing tailored
to natural disaster management. D3.2 serves as an extension of D3.1, continuing the develop-
ments initiated in that phase. This work aligns with the objectives of WP3, specifically the ones
associated with T3.2. It refines and scales up models introduced earlier, applies them to new
disaster scenarios or introduces new methods that have not been tackled in D3.1.

A key focus was improving segmentation techniques for fire, smoke, and flood regions using both
supervised and unsupervised approaches. Novel models integrating multi-modal data, such as
RGB and infrared imagery, achieved robust real-time performance under complex conditions
like sensor misalignment and occlusion. Unsupervised strategies were also developed to reduce
dependence on labeled data in fast-evolving disaster contexts.

Complementary tools were introduced to support real-time situational awareness, including
wildfire video summarisation, skeleton-based action recognition, and air quality forecasting.
AUTH, DLR, and ATOS contributed to enhancing remote sensing pipelines for flood and fire mon-
itoring. DLR’s integration of direct broadcast from the Neustrelitz receiving station cut Sentinel-1
data latency by a factor of five and was validated during recent flood events in Europe.

Further advances included real-time object detection for aerial imagery, stereo-based road dam-
age reconstruction, and fairness-enhanced detection of people and vehicles in flooded zones.
Privacy-preserving modules for anonymising faces and license plates were also developed.
Finally, 3D smoke dispersion modelling was improved using wind field estimation and finite
element simulations, offering real-time insights to guide emergency response.

4.2. Al algorithms for visual data analysis

In Deliverable D3.2 (WP3, T3.2), we extend D3.1s methods by a suite of robust, real-time
algorithms tailored to complex disaster scenarios involving wildfires and floods. These include
innovations in supervised and unsupervised fire and smoke region segmentation, flood detection,
privacy-preserving visual analysis, multi-agent learning for fire classification, and efficient 3D
reconstruction for road damage assessment.

Additionally, AUTH introduced novel methodologies for wildfire video summarisation, skeleton-
based action recognition, and air quality forecasting. Each solution is designed to meet the
projects key objectives: improving algorithmic accuracy (OA2), enhancing responsiveness and
computational efficiency (OA3), and enabling scalable, ethically responsible deployment in
real-world NDM settings. The following subsections detail AUTHs advancements, evaluations,
and alignment with the projects scientific and technical goals. The specific contributions are
detailed in the following Sections.
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4.2.1. Fire and smoke region segmentation
SOTA (incl. TEMA M1-M18)

During a wildfire, precise fire and smoke image region segmentation is essential for modelling
fire spread and formulating effective firefighting strategies. During the first reporting period and
as described in Deliverable D3.1, AUTH developed state-of-the-art fire segmentation methods
by exploiting the RGB modality. During this period, AUTH focused on improving segmentation
methods, by leveraging the IR modality, as well.

Fire and smoke can be imaged using a variety of light spectral bands, including visible, Short-
Wave Infrared (SWIR), Mid-Wave Infrared (MWIR), and MWIR ones. There have been numerous
methods proposed for fusing RGB and thermal modalities, with most applied to datasets like
Pstgoo [78] and MFNet [4]. These datasets usually contain well-registered RGB and thermal
images with little occlusion between modalities. Currently, there are no multi-modal unreg-
istered fusion strategies specifically designed for semantic region segmentation, apart from
medical applications. Wildfire scenarios, where high-density smoke creates diverse and highly
variable views between the two modalities, pose significant challenges for effective fusion.

Additionally, in the domain of fire and smoke segmentation, there are currently few efforts that
simultaneously address both flame and smoke segmentation in a single model. Most existing
works utilize relatively simple datasets, such as Corsican [14], which features clearly visible
flame candidates, or unrealistic datasets like FLAME1 [79], with flames being represented in
very unusual circumstances, such as within snow.

Advances beyond SOTA

AUTH significantly advances beyond existing SOTA methods in concurrent fire and smoke
segmentation by introducing a novel intermediate image fusion architecture that effectively
combines visible (RGB) and IR modalities. Unlike traditional single-modality techniques, AUTH
developed a method that leverages attention mechanisms within a real-time DNN to dynamically
fuse complementary features uniquely captured by each modality, addressing critical limitations
such as dense smoke obscuration. The integration of a U-Net-inspired decoder enhances spatial
reconstruction precision, providing more accurate segmentation outcomes even under challeng-
ing conditions like sensor misalignment and partial sensor failures. Notably, the lightweight
DNN architecture delivers robust segmentation performance comparable to leading models
on standard urban datasets and significantly surpasses them in wildfire-specific scenarios.
These advances position the developed system as particularly suitable for real-time robotic
deployment in dynamic, high-risk wildfire response operations. A technical report describing
the details of the developed method has been submitted in the form of a journal paper [80]:

D. Fotiou, V. Mygdalis and |. Pitas, "RoboFireFuseNet: Robust Fusion of Visible and Infrared
Wildfire Imaging for Real-Time Flame and Smoke Segmentation", technical report, 2025,

Figure 10 depicts a qualitative comparison of the developed method with several SOTA
fusion-based fire and smoke region segmentation architectures.

Table 3 demonstrates the comparison of several SOTA region segmentation methods on BG, fire,
and smoke classes in terms of Recall and loU. The proposed AUTH method achieves superior
performance across most metrics.

From both Figure 10 and Table 3, it can be derived that the proposed method outperforms other
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Figure 10. Qualitative evaluation on the FLAME2 dataset [1]: (a) RGB input, (b) IR input, (c) Ground Truth, (d) RTFNet [2],
(e) EGFNet [3], (f) MFNet [4], and (g) Sigma-T [5] (h) AUTH proposed method. The gray color represents the smoke class,
while the white color represents the fire class.

Table 3. Comparison of region segmentation methods on BG, fire, and smoke classes in terms of Recall and loU. The
developed RFFNet achieves superior performance across most metrics.

Method BG Recall (%) BGIloU (%) Fire Recall (%) FireloU (%) Smoke Recall (%) SmokeloU (%) AvgRecall (%) mloU (%)
PIDNet-RGB [6] 93.51 90.96 52.13 19.54 81.35 71.14 75.66 61.21
PIDNet-IR [6] 86.76 83.68 89.17 47.66 73.21 44.81 83.05 58.71
PIDNet-Early [6] 95.46 93.65 81.59 52.34 84.64 74.1 88.25 73.90
MFNet [4] 95.45 92.68 96.08 65.70 89.06 82.40 93.53 80.26
RTFNet [2] 95.12 76.77 37.36 30.36 89.13 76.25 73.87 65.42
GMNet [81] 88.63 83.65 15.39 15.39 72.04 63.20 67.53 54.08
EGFNet [3] 91.29 88.73 49.52 21.05 81.03 73.16 74.27 60.98
Sigma-T [5] 96.67 93.93 92.54 78.727 88.38 86.12 92.96 86.27
RFFNet - AUTH method 98.2 95.08 93.85 81.5 91.08 87.98 94.37 88.17

SOTA fusion-based fire and smoke region segmentation strategies in all metrics and classes.
The main difference is observed in fire class. Fire is difficult to be segmented, because itis mostly
under dense smoke areas and is contained of small and sparse fire regions. AUTH’s model
with the exploitation of skip connections gives baseline architecture significant boost on recall
and mloU of that class. The proposed method satisfies the objective OA2 "Increase accuracy
of extreme data analysis algorithms" as it consistently outperforms several previous SOTA fire
and smoke region segmentation models. It is also compliant with the objective OA3 "Increase
Responsiveness/Speed of Extreme Data Analysis Algorithms" by delivering rapid and accurate
fire and smoke region segmentation in real time, meeting the "Visual analysis speed" KPI.

4.2.2. Unsupervised fire region segmentation
SOTA (incl. TEMA M1-M18)

Unsupervised fire region segmentation is particularly valuable in NDM due to the prevalent lack
of annotated datasets specifically tailored for fire events. Traditional supervised approaches
require extensive manual labeling, which is time-consuming and impractical during rapidly
evolving disasters. By leveraging unsupervised segmentation, regions affected by fire can be
rapidly and accurately identified without dependence on pre-existing labeled data.

Unsupervised region segmentation methods have gained substantial attention due to their abil-
ity to reduce reliance on extensive pixel-level annotations, leveraging strategies such as mutual
information maximisation [82], invariance and equivariance constraints [83], and contrastive
learning [84, 85, 86]. Particularly, recent approaches such as Self-supervised Transformer with
Energy-based Graph Optimization (STEGO) [84] have significantly advanced USS performance
by distilling self-supervised self-Distillation with NO labels (DINQO) visual features [24] into
coherent semantic clusters. Despite these developments, unsupervised region segmentation
methods still face notable limitations, including the improper initialisation of class prototypes,
the need for manual or supervised hyperparameter tuning, and poor performance in scenarios
involving smaller or less prevalent objects. Additionally, these methods often require supervised
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post-processing to map clusters to meaningful class labels, limiting their practical utility and
deployment efficiency.

Advances beyond SOTA

AUTH contributes to addressing the unsupervised fire region segmentation challenges by in-
troducing a novel method leveraging minimal pixel-based prompting and dynamic thresholding
mechanisms, called PXL-USS. A manuscript with the details of the proposed method has been
submitted in the form of a journal paper [87]:

M. Tzimas, V. Mygdalis, C. Papaioannidis, |. Pitas, "Extreme Weakly Supervised Binary
Semantic Image Segmentation via One-Pixel Supervision", technical report, 2025,

The developed PXL-USS method significantly alleviates the challenges posed by the absence
of extensive annotated datasets for fire events. By using sparse pixel annotations as class
prototypes, AUTH ensures precise initialisation and effective clustering of fire-related features
within the self-supervised DINO [24] feature space. Moreover, the dynamic computation of
contrastive loss thresholds eliminates the need for manual hyperparameter tuning, enhancing
model robustness and deployment efficiency. Consequently, AUTH approach bridges the
performance gap between unsupervised and supervised segmentation methods, enabling rapid,
accurate, and scalable segmentation of fire regions, critical for effective NDM. Figure 11 depicts
fire region segmentation masks generated by the proposed PXL-USS method. It is obvious that
PXL-USS (bottom) closely resembles ground truth masks (middle) in terms of visual quality.
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Figure 11. Fire region segmentation masks (bottom) generated by the proposed PXL-USS method. The results
demonstrate that PXL-USS closely resembles ground truth masks (middle) in terms of visual quality.
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Table 4 demonstrates the mloU results on the Corsican Fire Database [14], with models arranged
in ascending order of their data requirements.

Remarkably, AUTH approach achieves a +27% improvement in mloU compared to STEGO-
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Table 4. mloU comparison of various unsupervised segmentation models on the Corsican Fire Database [14]. The
proposed PXL-USS consistently demonstrates superior performance compared to previous SOTA unsupervised methods.

Model mloU

STEGO Unsupervised [84] 60.75
DINO [24] + Prototypes (4 Imgs * 4 Points) 56.87 + 0.49
DINO [24] + Prototypes (BEST) 58.3 + 1.12
AUTH method

PXL-USS (4 Imgs * 4 Points) 77.51 = 0.87
PXL-USS (BEST) 78.23 + 0.59

Unsupervised [84], despite being run only once, whereas STEGO required multiple training
sessions to optimize its hyperparameters. Thus, it greatly surpasses the target value of 5% for
the "Semantic segmentation accuracy" KPI of objective OA2 "Increase accuracy of extreme data
analysis algorithms".

4.2.3. Wildfire video summarisation
SOTA (incl. TEMA M1-M18)

Video summarisation is particularly useful for NDM because it enables rapid review and analysis
of vast amounts of video footage, a critical capability during disaster events such as wildfires.
Given the exponential growth of available video data, authorities managing natural disasters
must quickly extract essential information, identify urgent situations, and make informed deci-
sions. Early video summarisation techniques predominantly employed clustering or dictionary
learning methodologies [88]. Despite their initial effectiveness, these methods struggled to
capture high-level semantic content, such as narrative consistency. Subsequent deep learning
approaches adopted supervised Long Short-Term Memory (LSTM) networks [89, 9o, 91]
and unsupervised adversarial models [92, 93, 94] to better model inter-frame dependencies.
Transformers were later introduced to directly model long-range dependencies in videos, with
methods such as VASNet [95] and DSNet [96] significantly advancing the field. However,
existing transformer-based methods implicitly assume the necessity of capturing long-range
dependencies, potentially resulting in redundant computations and heavy computational de-
mands [97]. This assumption remains largely unverified, highlighting a critical gap: the need
for efficient architectures capable of explicitly modelling short-range dependencies without
sacrificing summarisation quality or computational efficiency.

Advances beyond SOTA

AUTH developed the DIVide and SUMmarize (DIV-SUM) framework introduces two significant
advances over current SOTA video summarisation methods. The developed DIV-SUM method is
described in a conference paper [98]:

E. Charalampakis, C. Papaioannidis and I. Pitas, "Divide-and-Summarize: Enhancing Deep
Neural Video Summarization", International Conference on Image Processing (ICIP), 2025.

DIV-SUM implements a novel video fragmentation mechanism, partitioning input videos into
smaller, fixed-length segments. This approach explicitly models short-range inter-frame de-
pendencies, leading to improved summarisation performance and significantly reduced inference
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costs, as fragments can be processed in parallel. Secondly, the introduction of a target space
quantisation module converts the regression task of predicting continuous frame importance
scores into a simpler classification problem, thereby enhancing generalisation and robustness.
Extensive experimental evaluation demonstrates that DIV-SUM achieves SOTA performance
on the SumMe benchmark [15] and remains competitive on TVSum [16], all while significantly
decreasing computational overhead compared to global-field-of-view Transformer-based
methods such as PGL-SUM [97] and DSNet [96].

Figure 12 illustrates the inference pipeline of the DIV-SUM method. It shows how the input
video depicting fire sources and dense smoke is first fragmented into smaller segments, which
are independently processed by separate summarisation modules in parallel. Each summarizer
module generates frame-level importance predictions for its respective segment. The outputs
from all modules are then concatenated to produce the final summarized representation of the
entire video, significantly reducing computational overhead compared to traditional methods
that process videos in their entirety.
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Figure 12. DIV-SUM inference pipeline.

Table 5 presents a performance comparison (measured by average Fi-Score percentages) of
DIV-SUM against various recent SOTA supervised video summarisation methods, including
DR-DSN [96], SUM-FCN [90], VASNet [95], and others, on the canonical datasets SumMe [15]
and TVSum [16].

DIV-SUM achieves the highest accuracy on the SumMe dataset (60.51%), competitive perfor-
mance on TVSum (60.53%), and the best overall average accuracy (60.52%), demonstrating its
robustness and effectiveness across datasets compared to prior approaches.
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Table 5. Comparison of supervised video summarisation performance on SumMe [15] and TVSum [16] datasets. Higher
values indicate better performance.

Method SumMe TVSum Average

DR-DSN [96] 42.1 58.1 50.1
SUM-FCN [90] 47.5 56.8 52.15
VASNet [95] 49.7 61.4 55.55
A-AVS [99] 43.9 59.4 51.65
M-AVS [99] 44.4 61.0 52.7
LMHA [100] 51.1 61.0 56.05
CAAN [101] 50.6 59.3 54.95
VSS-Net [102] 51.5 61.0 56.25
DSNet [96] 51.2 61.9 56.55
PGL-SUM [97] 55.6 61.0 58.3
DIV-SUM (proposed) 60.51 60.53 60.52

4.2.4. Air quality timeseries forecasting
SOTA (incl. TEMA M1-M18)

Air quality timeseries forecasting is crucial for NDM in wildfire scenarios, as it enables early
prediction and mitigation of fire-related risks. By analysing historical air quality dataincluding
pollutants like nonmethane hydrocarbons (NM HC), benzene (CgHg), carbon monoxide (CO),
and nitric oxides (NO,, NO-), DNN models can forecast hazardous air conditions linked to wild-
fires. This information aids authorities in anticipating fire spread, assessing air quality impact,
and planning evacuations. Additionally, accurate forecasting enhances resource allocation for
firefighting efforts and enables proactive health advisories for affected communities, improving
overall disaster response efficiency. Existing time series forecasting methods rely on a variety of
deep learning approaches, including Recurrent Neural Networks (RNNs) [103], LSTM networks
[104], sequence-to-sequence architectures [105, 106], and attention-based models [107, 108].
While these models have achieved strong performance in general forecasting tasks, they often
struggle in causal forecasting scenarios, where an arbitrary subset of variables serves as the
forecasting target while the remaining variables act as exogenous inputs. Traditional methods
such as AutoRegressive (AR), Moving Average (MA), and Autoregressive Integrated Moving
Average (ARIMA) models [109, 110] have been surpassed by DNNs in evaluation metrics,
but these DNNSs still face challenges in capturing interdependencies between input channels.
Attempts to improve causal forecasting include spatial-temporal attention mechanisms [111],
Graph Neural Networks (GNNSs) [112], and hybrid approaches like LSTNet [113], but they often
fail to generalize well across datasets and suffer from limitations in multistep forecasting [114].

Advances beyond SOTA

To address the limitations of previous SOTA methods, AUTH developed the Generative-
Regressing Recurrent Neural Network (GRRNN), a novel framework that synergistically
integrates generative representation learning and regression to enhance causal time series
forecasting. The developed method has been published in the "IEEE Transactions on Artificial
Intelligence" journal [115]:
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e G. Chatziparaskevas, I. Mademlis, and |. Pitas, "Generative representation learning in re-
current neural networks for causal timeseries forecasting", IEEE Transactions on Artificial
Intelligence, vol. 5, pp. 64126425, 2024.

The key contributions of GRRNN are: (1) a Wasserstein recurrent conditional Generative Adver-
sarial Network (WRCGAN) that transforms historical exogenous data into a more meaningful
latent representation, improving feature extraction; (2) a sequence-to-sequence regression
module that utilizes these rich features for accurate long-term forecasting; and (3) a joint end-
to-end multitask training strategy, which leverages adversarial learning to refine the learned
representations and improve forecasting robustness. Experimental results demonstrate that
GRRNN significantly outperforms SOTA models in multistep causal forecasting, validating its
effectiveness in real-world applications.

Table 6 demonstrates the forecasting error rates for the test set of the Air Quality dataset [17].
The Mean Absolute Error (MAE), Symmetric Mean Absolute Percentage Error (SMAPE) and
the Root Mean Squared Error (RMSE) metrics are used. A seven timesteps (long/multistep)
forecasting horizon is used.

Table 6. Comparison of forecasting error rates for the Air Quality dataset [17]. Lower values indicate better performance.

Method MAE SMAPE RMSE
Enc-Dec [113] 0.161 0.587 0.209
DARNN [111] 0.147 0.622 0.205
DSTP-RNN [116] 0.158 0.746 0.224
Stem-GNN [117] 0.171  0.603 0.211
GRRNN 0.133 0.471 0.174
GRRNN-T 0.133 0.491 0.173

Overall, the developed GRRNN architecture is typically either the best one or the second best
one across almost all evaluation metrics. It is intended as a multiple-step-ahead forecasting
method and, indeed, performs best in terms of error rates in the challenging experimental setting
that has a long forecast horizon of seven timesteps.

4.2.5. Flood region segmentation
SOTA (incl. TEMA M1-M18)

Accurate flood region segmentation plays a critical role in NDM, facilitating timely monitoring
and precise decision-making to support effective response strategies and mitigate widespread
impacts. SOTA DNN architectures for semantic region segmentation have been utilized to
extract water regions from surveillance images, notably for estimating river water levels [118].
Systems like V-FloodNet employ video segmentation techniques, being able to provide real-time
flood monitoring [119]. H20-Net [120], leveraging self-supervised learning and adversarial
domain adaptation, eliminates the need for hand annotations while excelling in segmenting
high-resolution satellite imagery. Additionally, UAV-based segmentation methods optimized
for edge computing enable autonomous flood mapping in disaster scenarios [121].

As reported in D3.1, AUTH introduced a novel flood region segmentation dataset called
FloodSeg, containing annotated images sourced from diverse datasets. It serves as a benchmark
for evaluating SOTA flood region segmentation DNN architectures. Leveraging the ST++
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self-training method [ ] with the PSPnet architecture [ ], the novel AUTH flood region
segmentation methods demonstrated promising improvements towards reaching the target
value of 5% for the "Semantic segmentation accuracy" KPI| of objective OA2 "Increase accuracy
of extreme data analysis algorithms", achieving a 3.5% mloU increase over previous benchmarks.
Additionally, AUTH solution processes images at a speed of 79 Frames Per Second (FPS) on a
GeForce GTX 1080 GPU, which is much faster than "Visual analysis speed" KPI of objective OA3
"Increase responsiveness/speed of extreme data analysis algorithms". This work is described in
a conference paper [25]:

A. Gerontopoulos, D. Papaioannou, C. Papaioannidis and I. Pitas, "Real-Time Flood Water
Segmentation with Deep Neural Networks", 2025 IEEE 25th International Symposium on
Cluster, Cloud and Internet Computing Workshops (CCGridW), Bologna, Italy, 2025.

Existing flood region segmentation approaches often overlook a fundamental challenge of
the flood region segmentation problem. That is, there is limited variability in the foreground
(flooded) region and substantial variability in the background elements, resulting in a broader
feature distribution that can degrade segmentation performance.

Advances beyond SOTA

To deal with the imbalanced variance in visual appearance between the foreground (flooded
regions) and the background, AUTH developed a novel method employing Self-KD, where
a Teacher model is trained on augmented inputs specifically designed to reduce background
variance and align it more closely with the foreground. The developed method is described in
detail in a conference paper [26]:

P. Mentesidis, V. Mygdalis and I. Pitas, "Improve Real-Time Flood Segmentation by Encod-
ing and Distilling Foreground Information", International Conference on Image Processing
(ICIP), 2025,

During Student training, the Teacher processes these augmented inputs while the Student learns
directly from real-world data, enabling the Student to focus on discriminative features relevant
to flood regions. This targeted learning strategy effectively suppresses the influence of noisy
background areas, enhancing the Student models ability to distinguish reliably between flooded
and non-flooded regions, even in the presence of significant clutter and variability. The proposed
method demonstrates consistent performance improvements across SOTA real-time semantic
segmentation models, highlighting its effectiveness and robustness. It is model-agnostic and
operates exclusively during the training phase, ensuring no additional computational overhead
during inference. Consequently, it is particularly suitable for real-time applications where
speed and efficiency are paramount. This advancement not only enhances the effectiveness
of real-time flood segmentation models but also demonstrates the flexibility of the proposed
methodology, establishing it as a valuable tool for training robust systems in natural disaster
management. Figure 13 displays examples of flood region segmentation on FloodSeg images
[25] using the PIDNet [6] trained with the Self-KD framework developed by AUTH.

Table 7 demonstrates mloU results for SOTA flood region segmentation architectures on the
FloodSeg dataset. It is clear that the proposed Self-KD framework consistently improves seg-
mentation performance compared to training with Feature-based KD (Feature-KD) or without
any Self-KD (Base).

The developed method applied on the PIDNet [6], achieves an 1% mloU increase over the
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Figure 13. Flood region segmentation masks (in purple) overlaid on FloodSeg images. The masks were generated by the
PIDNet [6] trained with the novel Self-KD framework proposed by AUTH.

L 1 - .

Table 7. mloU results for SOTA flood region segmentation architectures on the FloodSeg dataset. The proposed KD
framework consistently improves segmentation performance compared to training with Feature-based KD (Feature-KD)
or without any Self-KD (Base).

Model mloU Comparison

Base Feature-KD Proposed vs Base vs Feature-KD
BiseNetV2 [124] 0.832 0.824 0.835 +0.003 (+0.3%) +0.003 (+0.3%)
PPLiteSeg [125] 0.822 0.825 0.841 +0.019 (+2.3%) +0.016 (+1.9%)
DDRNet [126] 0.825 0.819 0.828 +0.003 (+0.3%) +0.009 (+1.0%)
PIDNet [6] 0.853 0.868 0.875 +0.022 (+2.5%) +0.007 (+0.8%)

previous AUTH method described in D3.1 on the FloodSeg dataset, leading to a total 4.5%
mloU increase over previous methods, satisfying the objective OA2 "Increase accuracy of
extreme data analysis algorithms". AUTH solution processes images in real-time satisfying the

"Visual analysis speed" KPI of objective OA3 "Increase responsiveness/speed of extreme data
analysis algorithms".
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4.2.6. Road surface 3D reconstruction for damage as-
sessment

SOTA (incl. TEMA M1-M18)

Stereo matching for road surface 3D reconstruction is highly relevant for NDM, as it enables
accurate assessment of road damage, terrain deformation, and infrastructure stability after
disasters such as floods. Previous SOTA methods for stereo matching in road scenarios often
struggle with generalisation to unseen environments, particularly in challenging conditions such
as varying illumination, occlusions, and dynamic obstacles [ , , 1. While traditional
approaches rely on handcrafted feature extraction and cost aggregation techniques [ , 1,
they lack the robustness needed for complex real-world road scenes. Recent deep learning-
based stereo matching models have improved disparity estimation accuracy [ , , ], but
many suffer from overfitting to specific datasets and require large-scale annotated training data,
which is often unavailable for disaster-affected environments [ , ]. Additionally, few ex-
isting methods explicitly address the domain gap between training and real-world deployment,
limiting their adaptability in dynamic or disaster-stricken road conditions [ , 1.

Advances beyond SOTA

To address the generalisation limitations of previous methods, AUTH introduces Decisive
Disparity Diffusion Stereo (D3Stereo). The details of the proposed method have been published
in the IEEE Transactions on Image Processing journal [7]:

C. Liu, Y. Zhang, Q. Chen, |. Pitas, and R. Fan, "These maps are made by propagation:
Adapting deep stereo networks to road scenarios with decisive disparity diffusion", IEEE
Transactions on Image Processing, vol. 34, pp. 15161528, 2025.

D3Stereo is a decisive disparity diffusion strategy, which significantly advances stereo matching
for road scenarios by addressing the limitations of existing deep learning-based methods.
Unlike prior approaches that struggle with adaptive cost aggregation and disparity refinement,
D3Stereo incorporates: (1) a recursive bilateral filtering algorithm for efficient and adaptive cost
aggregation, (2) an intra-scale disparity diffusion algorithm for sparse disparity map completion,
and (3) an inter-scale disparity inheritance algorithm for fine-grained disparity estimation at
higher resolutions. Additionally, AUTH introduces a new dataset designed to comprehensively
evaluate stereo matching-based road surface 3D reconstruction methods, addressing the lack
of benchmark diversity in previous studies. Experimental results demonstrate that D3Stereo
effectively adapts pre-trained deep learning models for stereo matching in both road and general
scenes, outperforming existing methods in robustness, accuracy, and generalisation.

The quantitative and qualitative experimental results on the proposed UDTIRI-Stereo dataset
are presented in Table 8 and Figure 14, respectively. UDTIRI-Stereo dataset [7] consists of
3,000 pairs of stereo images (resolution: 720 x 1,280 pixels), along with their disparity ground
truth, collected across 12 scenarios under different illumination conditions (middle sunlight,
intense sunlight, and street lighting at dark), weather conditions (tidy and watered), and road
materials (asphalt and cement). Random 2D Perlin noise and digital twins of real-world pothole
are introduced to the road data.

It is noticeable that when applying the proposed D3Stereo strategy to the existing stereo
matching algorithms, End Point Error (EPE) and Percentage of Error Pixels (PEP) decrease by up
to 63.10% and 83.26%, respectively. Although CreStereo demonstrates comparable performance
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Figure 14. Examples of disparity estimation results the created UDTIRI-Stereo dataset [7].

in PEP with § =1 when adapted to the UDTIRI-Stereo dataset using D3Stereo strategy, it shows
dramatic improvement in PEP with 6 = 0.5 and EPE. Moreover, PT-D3Stereo diffuses decisive
disparities across the entire image in a multi-directional fashion. This results in significantly
improved disparity estimation results and a more uniform distribution of errors compared to
other explicit programming-based stereo matching algorithms.
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Table 8. Experimental results on the UDTIRI-Stereo dataset [7]. The best results are shown in bold.

Method PEP (%) EPE (pixel) PSNR (dB) MSE SSIM
(a) Explicit programming-based disparity estimation algorithms
PT-SRP [139] 43.2 1.27 33.01 52.12 0.867
PT-FBS [140] 33.7 0.75 32.87 48.80 0.895
PT-SGM [136] 7.17 0.72 32.50 41.12 0.932
PT-D3Stereo (AUTH) 5.90 0.65 33.14 42.58 0.951
(b) Comparisons of SOTA stereo matching networks with and without D3Stereo
Method PEP (%) EPE (pixel) PSNR (dB)

o=1
PSMNet [134] 46.7 13.2 0.84 32.36 55.51 0.894
PSMNet+D3Stereo (AUTH) 4.81 2.21 0.31 34.75 32.80 0.953
AANet [141] 35.4 8.69 0.56 34.01 38.14 0.932
AANet+D3Stereo (AUTH) 11.1 1.79 0.43 34.21 36.49 0.948
BGNet [142] 12.7 1.51 0.26 34.59 36.10 0.948
BGNet+D3Stereo (AUTH) 3.53 1.20 0.21 34.72 34.07 0.954
LacGwc [143] 18.6 2.87 0.36 34.45 36.91 0.945
LacGwc+D3Stereo (AUTH) 4.61 2.01 0.37 34.61 34.28 0.953
GMStereo [144] 23.6 4.12 0.43 32.66 47.39 0.937
GMStereo+D3Stereo (AUTH) 3.01 1.46 0.31 34.66 33.48 o0.953
CreStereo [145] 6.02 1.40 0.34 34.77 34.85 0.950
CreStereo+D3Stereo (AUTH) 4.58 1.10 0.30 34.76 33.87 o0.952
GraftNet [146] 20.9 2.78 0.33 34.72 36.69 0.943
GraftNet+D3Stereo (AUTH) 4.73 1.57 0.32 34.57 32.35 0.951
HVT Stereo [147] 6.83 1.95 0.36 34.79 31.11 0.951
HVT Stereo+D3Stereo 4.88 1.30 0.34 34.79 31.11 0.951
(AUTH)

4.2.7. Person and car detection in flooded areas
SOTA (incl. TEMA M1-M18)

As reported in deliverable D3.1, AUTH has utilized and optimized YOLOv6 [148] models
specifically for the critical task of identifying and localising humans and vehicles in flooded
regions. These models are designed to efficiently detect and localize objects in high-resolution
images, ensuring accurate identification of humans being in danger. AUTH YOLOvV6 object
detection models were trained in novel flood image datasets, processing images at 33 FPS on
a GeForce GTX 1080 GPU satisfying the "Visual analysis speed" KPI of objective OA3 "Increase
responsiveness/speed of extreme data analysis algorithms".

Objects such as people and cars appear in diverse shapes and sizes due to variations in drone
flight heights, viewing angles, and perspectives. Additionally, the shape of a person can
vary significantly depending on different actions or postures. This variability poses significant
challenges for person and car detection models as the traditional L1 loss used for training such
models disproportionately penalizes predictions involving larger bounding boxes, leading to
training instabilities.
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Advances beyond SOTA

To mitigate training instabilities accompanying standard person and car detection models,
AUTH developed a coordinate-based weighting strategy for the L1 loss, assigning higher error
weights to smaller bounding boxes, balancing their contribution during training. The details of
the developed method are described in detail in a conference paper that has been accepted for
publication [27]:

M. Tzimas, V. Mygdalis and I. Pitas, "A Weighting Loss Approach for Transformer-Based
Object Detection", International Joint Conference on Neural Networks, Rome, Italy, 2025.

By integrating this approach into DEtection TRansformer (DETR)-based models such as RT-
DETR [8], the method stabilizes optimisation, improves alignment between localisation losses,
and enhances the overall detection accuracy for complex scenarios involving significant bounding
box size disparities such as those encountered in person and car detection tasks.

Figure 15 displays the detection of persons in red and cars in green, in the flooded German Ahr
valley, using RT-DETR-R18 trained with the proposed LSB method, which gives extra weight to
tiny boxes during training, so the network learns not to ignore small, distant people and cars.

Figure 15. Person (re) and car (green) detection i-tHe ooded Ahr vall
proposed method (LSB).

, usig RT- R—R18 [8] trained with the

Table 9 demonstrates a mAP comparison of various real-time object detection models evaluated
on the VisDrone dataset [18]. This dataset includes 10 object categories, such as pedestrians,
cars, and bicycles, with images captured by drones.

Due to VisDrone [18] diverse backgrounds and the presence of small objects, VisDrone [18]
provides a challenging benchmark for assessing the performance of object detection methods.
It consists of 6,471 images for training, 548 images for validation, and 1,611 images for testing.
It is obvious that RT-DETR-R18 [8] trained with the proposed method (LSB) consistently
outperforms several other You Only Look Once (YOLO)-based models in terms of both mAP and
mMmAP50 metrics. The proposed RT-DETR-R18+LSB satisfies the objective OA2 "Increase accu-
racy of extreme data analysis algorithms" as it consistently outperforms several previous SOTA
YOLO-based models. It is also compliant to the objective OA3 "Increase Responsiveness/Speed
of Extreme Data Analysis Algorithms" by delivering rapid and accurate person/car detection in
flooded regions at real time, meeting "Visual analysis speed" KPI.

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on jL jL jL + jL jL

algorithms for extreme data analytics
+4+++++

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

Pag. 51 of 107




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

Table 9. mMAP comparison of various real-time object detection models evaluated on the VisDrone dataset [18].
RT-DETR-R18 [8] with the proposed method (LSB) consistently outperforms several other YOLO-based models in terms
of both mAP and mAP50 metrics.

Model mAP mAPso Params (M)

YOLOv4-S [1409] 14.6 26.2 9.1
YOLOv8-nano [150] 14.8 26.7 3.1
YOLOX-S [151] 14.3 26.2 8.9
YOLOvs-S [152] 17.2 30.8 9.1
YOLOv7-tiny [153] 15.0 27.4 6.1
YOLOV8-S [150] 18.1 31.6 11.1
YOLOvs-M [152] 19.6 33.9 25
RT-DETR-Ra8 [8] 20.4 35.6 10.8
RT-DETR-R18-LSB 22.2 40.1 19.8

4.2.8. Visual privacy preservation
SOTA (incl. TEMA M1-M18)

Ethical and privacy challenges have become a central concernin Al applications. This is especially
relevant for tasks involving visual data, where individuals may be identifiable. A prominent ex-
ample is facial recognition technology, which has raised significant privacy concerns. To mitigate
such risks, various methods for face blurring and de-identification have been introduced [154],
aiming to obscure personal identity in visual datasets while preserving the utility of the data.

Within M1-M18 of TEMA, AUTH introduced a a novel technique called Privacy via Adversarial
Reprogramming (PAR). It leverages adversarial reprogramming to obfuscate sensitive informa-
tion, such as facial identity, by modifying input images in a way that makes them unintelligible
to both humans and standard facial recognition systems. Despite the applied perturbations, a
target DNN remains capable of interpreting the image correctly.

Advances beyond SOTA

More recently, AUTH developed a novel privacy-preserving method based on the CenterFace [9]
model to address concerns around facial data exposure in surveillance and emergency response
scenarios. Leveraging CenterFaces lightweight and efficient face detection and alignment
capabilities, the method detects and accurately localizes facial regions in real time, even on
low-power edge devices. Once detected, facial areas can be selectively blurred or anonymized,
ensuring individuals identities remain protected while still enabling situational awareness during
natural disasters. This approach provides a practical balance between operational effectiveness
and privacy, making it suitable for deployment in public monitoring systems, shelters, and
disaster response efforts. This method is also fully compliant with objective OA3 "Increase
Responsiveness/Speed of Extreme Data Analysis Algorithms," as it enables rapid and efficient
face detection and anonymisation, even in high-throughput, real-time disaster monitoring
scenarios. Figure 16 depicts an example of visual privacy preservation using CenterFace [9].

In addition, AUTH developed a robust, privacy-preserving license plate detection system based
on the YOLOv11-small architecture [155]. The team curated and preprocessed a large-scale
dataset of over 350,000 annotated vehicle images, applying techniques such as duplicate re-
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Figure 16. Visual privacy preservation using CenterFace [9].

moval, label correction, format unification, and incremental difficulty scoring. To improve model
generalisation and reduce false positives, background images were incorporated into the training
pipeline, and incremental learning was applied across Easy, Medium, and Hard subsets. A key
innovation is the implementation of efficient anonymisation modules that automatically detect
and blur license plates in both images and videos, supporting batch processing and achieving
real-time performance (117139 FPS) on consumer-grade hardware. This work aligns with OA3
“Increase Responsiveness/Speed of Extreme Data Analysis Algorithms” by delivering a scalable,
high-speed solution for privacy-aware visual data processing in intelligent transportation and
surveillance applications. Figure 17 depicts an example of license plate detection and blurring
using the AUTH method.

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on jL jL jL + jL jL

algorithms for extreme data analytics
+4+++++

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

Pag. 53 of 107




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

Figure 17. License plate detection and blurring.

4.2.9. Skeleton-based action recognition
SOTA (incl. TEMA M1-M18)

Skeleton-based action recognition extends traditional person detection by not only identifying
individuals but also analysing their movements and behaviours in disaster scenarios. This en-
ables real-time detection of distress signals, identification of injured or trapped individuals, and
improved situational awareness for first responders. Additionally, it helps assess crowd move-
ment during evacuations, optimising resource allocation. Previous SOTA skeleton-based action
recognition methods often rely on a single representation of the skeleton sequence, which limits
their ability to capture complex action features effectively [156, 157]. Graph Convolutional Net-
works (GCNs) have been widely used for modelling skeleton-based actions, but they primarily
focus on spatial dependencies between joints while overlooking joint motion dynamics, and suffer
from over-smoothing as the network depth increases [158]. Attention-based models attempt to
highlight important joints and frames, but they can be biased and difficult to control due to the di-
versity of actions [159, 160]. Additionally, many approaches lack invariance to viewpoint, motion
speed, and sequence length, leading to performance degradation when these factors vary [161].
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Advances beyond SOTA

Motivated by the gaps of previous SOTA methods, AUTH introduces IMDAR. The details of the
proposed method have been published in the "Information Sciences" journal [162]:

Kamel, C. Zhang, and |. Pitas, "Spatio-temporal invariant descriptors for skeleton-based
human action recognition," Information Sciences, vol. 700, p. 121832, 2025.

IMDAR is a framework that captures skeleton motion dynamics using multiple spatio-temporal
invariant representations rather than relying on a single feature extraction approach. By struc-
turing skeleton sequences into spatio-temporal matrices and transforming them into image
descriptors, the method ensures robustness to viewpoint, motion velocity, and action com-
plexity. A Voting and Priority Score Selection (VPSS) algorithm further enhances classification
accuracy by selecting the best prediction from multiple descriptors. The developed approach
demonstrates significant accuracy improvements over SOTA models across multiple benchmark
datasets, confirming its effectiveness in addressing the limitations of existing methods. IMDAR
has been evaluated on the NTU-RGB + D60 [10], which is a large-scale human action recognition
dataset with 60 action classes, containing 56,880 skeleton sequences. Among others it contains
classes related to medical conditions such as sneeze/cough, neck pain and headache.

Figure 18 demonstrates the detection of actions such as hand-wave, sneeze/cough, neck pain,
and headache that are particularly relevant to NDM as they serve as key indicators of distress,
injury, or health conditions in disaster scenarios. Hand-waving can signal for help in emergency
situations, aiding in victim detection during search-and-rescue missions. Detecting sneeze/cough,
neck pain and headache can assist in identifying individuals suffering from injury, fatigue, or expo-
sure to hazardous conditions such as smoke inhalation or dehydration. By integrating skeleton-
based action recognition into NDM, responders can gain valuable real-time insights into the
well-being of affected individuals, leading to more efficient and targeted emergency assistance.

Ground truth | Prediction Skeleton Sequence (key frames)
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Figure 18. Predictions alongside the ground truth for samples from the testing set of the NTU-RGB + D60 dataset [10],
where all test actions are captured with AUTH method (settings S=o001, camera view C=001, performed by the performer
P=003, and trial R=001). For each ground truth action, the key frames of the sequence are presented. Correctly classified
actions are highlighted in green (despite high similarity with another action), while misclassified actions are highlighted in

red (in cases of very high similarity with another action).

The comparison with the SOTA methods on NTU-RGB + D60 [10] for both Cross-Subject (C-Sub)
and Cross-View (C-View) benchmarks [10] are shown in Table 10.

Pag. 55 of 107 Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

Table 10. Comparison of accuracy between IMDAR and the SOTA recognition methods on the NTU-RGB+D60 dataset
[10] for Cross-Subject (C-Sub) and Cross-View (C-View) benchmarks (%).

ST-GCN [163] 81.5 88.3
SR-TSL [164] 84.8 92.4
AS-GCN [165] 86.8 94.2
25-AGCN [166] 88.5 05.1
AGC-LSTM [167] 89.2 95.0
RA-GCN [168] 87.3 03.6
4s-Shift-GCN [160] 90.7 96.5
Dynamic-GCN [170] 91.5 96.0
MST-GCN [156] 91.5 06.6
ST-TR [171] 90.3 06.3
Ta-CNN [172] 90.7 05.1
EfficientGCN [173] 92.1 06.1
ST-SLKA [174] 90.7 06.1
Action Capsules [159] 90.0 06.3
SHARL [175] 90.4 06.5
IMDAR 092.8 06.8

IMDAR demonstrates higher prediction accuracy on the C-Sub benchmark and performs even
better than methods that combine both GCN and attention mechanisms. Specifically, it shows
better performance than SHARL [175] by 2.4% (C-Sub), which focuses on dynamic joint selec-
tion through reinforcement learning, while AUTH multiple invariant representations provide a
comprehensive encoding of actions that can adapt to any dynamic change without the need for
complex training frameworks.

4.2.10. Synthetic data generation
SOTA (incl. TEMA M1-M18)

The advances in generative Al over the past year have made it possible to address data scarcity
in natural disaster management. Our previous approach leveraged the capabilities of Stable
Diffusion XL (SDXL) [64], a state-of-the-art text-to-image diffusion model released in 2023,
which produces high-resolution, photorealistic, and semantically rich images. SDXL represents
a significant improvement in generating complex scenessuch as fires and floodsespecially when
guided by descriptive prompts. In parallel, we employed zero-shot object detection models such
as Grounding DINO [176], also introduced in 2023, which enable robust identification and seg-
mentation of disaster-related visual elementssuch as smoke, flames, or waterwithout the need
for fine-tuning on specific datasets. Together, these tools form the foundation for generating and
annotating synthetic disaster imagery with a high degree of realism and contextual relevance.

Advances beyond SOTA

ATOS has also been advancing the generation of realistic visual images of natural disasters using
SOTA diffusion models. These techniques enable the creation of synthetic images depicting
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any geographic region under the impact of events such as floods or wildfires. In addition, we
are developing methods to augment real-world aerial images captured by drones by overlay-
ing synthetic elements like fire or water. This allows for the generation of realistic disaster
scenarios enriched with geographical metadata, which can be seamlessly integrated into the
TEMA platform for testing and validation, without the need for actual disaster occurrences. A
comprehensive description of these methodologies and the outcomes produced will be provided
in the document “D3.4 Report on Al Model Adaptability to Extreme Data”.

4.2.11. Person re-identification
SOTA (incl. TEMA M1-M18)

Person Re-IDentification (RelD) has emerged as a critical component in natural disaster response
systems, enabling the tracking and reunion of displaced individuals across disparate surveillance
sources. The SOTA in 2024 reflected a growing shift toward lightweight, edge-compatible
RelD models optimized for aerial imagery and constrained environments. Transformer-based
methods and edge-enhanced networks [177] further contributed to improving performance
under occlusion and lighting variability, common in disaster zones. These advancements high-
lighted the increasing importance of privacy-preserving, real-time RelD systems that operate
efficiently on the edge, making them particularly relevant for humanitarian applications where
data protection and operational agility are paramount. At the time the previous deliverable
D3.1 was submitted, ATOS employed a ResNetso model trained on the Marketi501 dataset to
extract unique embeddings for each person detection from the TEMA system.

Advances beyond SOTA

Recent efforts concentrated on optimising the system for high-resolution drone imagery. These
aerial images offer a broader field of view and are especially valuable in disaster zones where
ground-level visibility may be limited. However, their increased resolution presents significant
computational challenges, particularly when aiming to achieve real-time performance. To
address this limitation in D3.2, ATOS has focused on refining the solution to be deployed on an
edge device achieving real time performance.

A key advantage of edge deployment in the TEMA project is the enhanced privacy it provides.
By processing sensitive visual data such as identifiable images of individuals locally on the edge
device inside a docker, the personal information is isolated from the system. This approach
ensures that biometric data, like the feature embeddings used for RelD, remain within a secure
and controlled environment. It aligns with data protection standards and ethical considerations,
which are particularly important in humanitarian contexts where individuals rights and dignity
must be preserved even during urgent operations.

4.3. Methods for satellite/SAR data analysis

4.3.1. Satellite-based flood detection and assessment

This component of TEMA (TFA-tech-08) is responsible for analysing Sentinel-1 GRD (radar) and
Sentinel-2 MSI (multi-spectral) satellite images provided through the Copernicus Data Space
Ecosystem (CDSE). It uses pre-trained Convolutional Neural Network (CNN) models such as U-
Net, DeeplLabv3+, and ResNet-based segmentation networks to delineate surface water bodies
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in these images and distinguishes permanent from temporary flooded water. Based on the result-
ing georeferenced water maps, secondary information products like flood duration are derived.
Beyond satellite-based flood detection that targets operational use and continuous monitoring,
scientific studies and experiments were conducted regarding on-demand object detection in
very high-resolution (<1m Ground Sample Distance (GSD)) orthoimages from drone surveys.

SOTA (incl. TEMA M1-Ma8)

Conventional rapid mapping methods for satellite-based flood mapping can be slow and
labour-intensive [ ]. Recent advances in deep learning and the availability of new large-scale
remote sensing reference datasets have opened new possibilities for automated image analysis
[ , , ]. DLR deploys a modular processing chain for surface water monitoring that uses
DNNs and enables automatic satellite data search, pre-processing, analysis, and dissemination
[ ]. Complementary to large-scale satellite image analysis, object detection in very high-
resolution drone images can provide insights into where people are located and which assets are
exposed during a disaster. Most common object detection methods include one stage detectors
such as YOLO networks [183] and two stage detectors such as Region-based Convolutional
Neural Networks (RCNN) [184]. Two stage detectors separate region proposal, classification
and refinement of the location prediction, while one stage detectors conduct localisation and
classification at once. Therefore, YOLO networks are reported to be faster compared to the
potentially more accurate RCNNs.

Advances beyond SOTA

Satellite-based flood detection

Within TEMA, DLR further developed its flood monitoring methods, expanded existing reference
datasets [ ] and trained, validated and tested various DNN models for water segmentation
(see D3.1). The best performing models for different satellite sensors have been implemented
into DLRs fully automated processing chain [182]. Recent advances include, the deployment
of the chain on a Kubernetes cluster within the DLR infrastructure for faster processing and
the dissemination of results via Open Geospatial Consortium (OGC) Web Map Service (WMS)
and SpatioTemporal Asset Catalog (STAC). The STAC Application Programming Interface (API)
has been setup to enable queries by location, time and metadata properties, which allows the
user to retrieve the relevant water masks for a given flood disaster. Public access to the API
ensures seamless integration of products into the TEMA platform. A joint publication of DLR
and PLUS/IT:U on "Fusion of geospatial information from remote sensing and social media to
prioritise rapid response actions in case of floods" shows the added value of the TFA-tech-08
results to quickly identify disaster hotspots in data-scarce situations [ ]:

M. Wieland, S. Schmidt, B. Resch, A. Abecker, and S. Martinis, "Fusion of geospatial
information from remote sensing and social media to prioritise rapid response actions in
case of floods", Natural Hazards, 2025.

Speed of Sentinel-1 data acquisition through DLR receiving station using direct broadcast

DLR-DFD operates the Neustrelitz receiving station as part of the DLR Copernicus Collaborative
Ground Segment. Strategically located in Europe and within the Sentinel-1 core ground stations
reception area, Neustrelitz enables direct downlink of Sentinel-1 data. Downlink reception
planning is fully automated based on user requests and European Space Agency (ESA)s Station
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Figure 19. Comparison of the time delay from image acquisition by the Sentinel- 1 satellite until availability for
downstream analysis between DLR receiving station (via direct downlink) and Copernicus Data Space Ecosystem.
Reported times are averaged across 30 Sentinel-1 images.

Downlink Plan. Sentinel-1 Level-1 product generation follows ESAs Payload Data Ground
Segment (PDGS) Instrument Processing Facility (IPF) [ ]. For satellite-based flood map-
ping with Sentinel-1, TFA-tech-08 uses the Level-1 Ground Range Detected product, which
provides multi-looked, ground-projected data. To evaluate the speed improvements for data
acquisition, we have set-up an experiment to measure the time delay from image acquisition
by the Sentinel-1 satellite until availability for downstream analysis. Specifically, we compare
times between data accessed through the DLR receiving station (via direct downlink) and via the
publicly available Copernicus Data Space Ecosystem. A total of 30 Sentinel-1 images have been
acquired over a pre-defined area of interest in Germany and times have been recorded for each
of them. For a representative estimate, reported times are averaged across all 30 Sentinel-1
images for each data provider option.

The results in Figure 19 show that producing analysis-ready data via direct downlink at the DLR
receiving station took approximately 40 minutes on average starting from the acquisition of the
image by the satellite. Getting access to the analysis-ready image via the Copernicus Data Space
Ecosystem took significantly longer with approximately 220 minutes on average. Therefore, our
experiments indicate that the use of direct downlink could potentially reduce the time between
sensing and availability of Sentinel-1 satellite images for downstream analysis by a factor of 5
compared to the publicly available Copernicus Data Space Ecosystem. OCa "Reduce latency in
NDM" has therefore been successfully addressed within the scope of TEMA.

Object detection in very high-resolution (<2m GSD) orthoimages

We compared the widely used FasterRCNN and YOLOvs architectures to identify their potential
for live-mapping in the context of rapid disaster response. We evaluated their performance on
aerial and satellite images with respect to accuracy, processing speed and generalisation ability.
For training, validation and test of the object detectors, we used two datasets: (i) the global xView
benchmark dataset for object detection in satellite images [188] and (ii) a custom dataset that
combines aerial images and bounding boxes of buildings in Germany. We reclassified the xView
dataset and extracted only images that cover our classes of interest (buildings and vehicles). Im-
ages from both datasets were sliced into 512x512 pixel tiles for model training and validation.

YOLOvg models are available at different complexity ranging from “nano” with 1.9M trainable
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Figure 20. Accuracy assessment of trained object detectors. Left: Comparison of FasterRCNN models with YOLOvsl
models for building class under varying data scenarios. Right: Precision-Recall-Curve of the final YOLOvs5l model.

parameters to “extra-large” models with 140M parameters [189]. For our application YOLOvsl
(with 46M parameters) offered a good trade-off between inference speed and accuracy as
reported by the authors of the software. Similarly, we chose a Resnetso backbone for the
FasterRCNN model. We trained both YOLOvsl and FasterRCNN with a Stochastic Gradient
Descent (SDG) optimizer, learning rate of 1e-3, momentum of 0.7 and weight decay of 2e-4,
which have been obtained through initial experiments. We trained in batches of 8 for 100 epochs,
while the best model state (determined by the lowest validation loss) was stored for evaluation.
We tested the influence of data augmentation on the detection performance. Specifically,
we applied with equal probability random brightness, contrast, scale and image flipping. We
further evaluated different training strategies and explicitly compared how a model trained from
scratch with randomly initialized weights (baseline) behaves compared to a model that is being
fine-tuned on pre-trained weights on the MS COCO dataset.

Figure 20 shows the improved performance of YOLOvsl models compared to FasterRCNN mod-
els in all tested scenarios. Regardless of the model architecture used, we observed an added
value of data augmentation with improvements in model accuracy of up to 0.28 mAP@o.5.
Fine-tuning also had a consistently positive influence on model quality, even if the influence of
this method was less than that of data augmentation. Models trained with augmented data also
achieved higher accuracies when applied to data from other sensors than those on which they
were trained. In our experiments, we emphasised that a trained model should be capable of
generalising well across different imaging sensors and acquisition platforms. To this regard, we
specifically tested the transfer between satellite imagery (XVIEW) and aerial imagery (BKG). The
best model (YOLOvsL pretrained on COCO and fine-tuned on xView with train and test time aug-
mentation) achieved a mAP@o.5 of 0.57 on the independent test-split of the reference dataset.

Figure 21 shows an example of model predictions on aerial images acquired by DLR’'s MACS
camera system (Institute of Optical Sensor Systems) immediately after the Ahr valley flood on
2021-07-21. We can clearly observe car wrecks covered by mud either already aggregated on
temporary parking areas or still scattered in muddy river parts (upper left). Emergency vehicles
(upper right) and heavy machinery for debris removal (lower left) were successfully detected by
our method. Clusters of vehicles parked along the borders of the most severely affected areas
(lower right) could also be revealed.
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system (Institute of Optical Sensor Systems) after the Ahr valley flood on 2021-07-21.

A good generalisation ability of the image analysis method is in any case essential to cope with
highly varying data availability in disaster situations. Automated image processing routines
together with pre-trained machine learning methods for image analysis can reduce the time
between image acquisition and final product generation from several hours/days to just a few
minutes. It therefore allows for a faster product delivery, for a higher analysis frequency and for
a continuous monitoring of the situation.

Floods in Greece, Germany and Central Europe

Beyond the planned use-cases in TEMA, we tested TFA-tech-08 in three “live-scenarios” during
the Thessaly floods in Greece September 2023 (see D3.1), the floods in Southern Germany June
2024 (Fig. 22 ) and the floods in Central Europe September 2024.

For the Central Europe floods, an area of 1,000,000+ km” across 8 countries was successfully
monitored for 14 days. Real-time flood extent mapping produced 384 water masks from
Sentinel-1 and Sentinel-2 satellite images. Moreover, permanent water bodies have been
derived from timeseries analysis of 7,000+ Sentinel-2 water masks (2 years archive processing).
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Figure 22. Flood situafion over Southerh Germany derived with TFA—tech.—OS on 2024—6—3. eft: Flood extent from
Sentinel-1 satellite images. Right-Top: Flood extent from Sentinel-2 satellite image. Right-Bottom: Object detection
from DLR 3K aerial images (vehicles in yellow).
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4.3.2. Satellite-based fire detection and assessment

The following component (TFA-tech-09) is responsible for the derivation of burnt area perime-
ters from mid- and high resolution optical imagery in Near Real-Time (NRT). The primarily
used data sources are the Sentinel-3 OLCI and the Aqua/Terra MODIS sensors, alongside with
Sentinel-2 MSI. An automated processing chain allows updates of the analysis results with every
mid-resolution satellite overpass. This is implemented in a continental-scale monitoring system,
featuring multiple updates of the wildfire situation throughout Europe per day. Besides the
fire perimeters, the results include relevant information like the burn severity and the post-fire
Normalized Difference Vegetation Index (NDVI).

SOTA (incl. TEMA M1-Ma8)

Despite the intensive development and advances considering the precision and applicability
of global burnt area (BA) products [190], they still suffer from significant accuracy issues in
many situations [191]. Boschetti et al. [192] validated the NASA MCD64A1 product with
globally distributed Landsat image pairs, reporting a global Commission Error (CE) of 40.2%
and a Omission Error (OE) and 72.6%, respectively. In addition, none of the global Burnt Area
(BA) datasets available at this point can provide BA perimeters in NRT. For example, NASA'’s
MCD64A1vo61 algorithm maps BA using a time series-based approach retrospectively two
months after the daily observations of MODIS [193].

Advances beyond SOTA

To address the prevailing accuracy issues of global BA products and the lack of available
NRT information, we developed an NRT deep learning-based mapping procedure based on
mid-resolution optical imagery and active fire data. It combines a novel superpixel-based
segmentation technique and a GCN model to produce daily NRT BA perimeters.

To highlight the added value of the deep learning model within our mapping framework, we
evaluated it against a preceding rule-based implementation of the DLR BA mapping algorithm
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(DLRBAV1NTC) [28] and established machine learning models (Random Forest, LightGBM). We
compared our Sentinel-3-based NRT (DLRBAv2NRT) and a monthly refined Non-Time-Critical
(NTC) composite (DLRBAv2NTC) product against the established NTC MCD64A1vo61 and the
recently developed CGLBA31nrt product.

We conducted extensive evaluations for one of the most recent significant wildfire seasons in
Greece in 2023. We also applied the DLRBAv2 algorithm on a variety of available mid- (Sentinel-
3 OLCI, Terra MODIS, Suomi-NPP VIIRS) to high-resolution (Sentinel-2 MultiSpectral Instrument
(MSI), Landsat 9 Operational Land Imager (OLI), Environmental Mapping and Analysis Program
(EnMAP) HyperSpectral Imager (HSI)) optical imagery to produce NRT BA perimeters.

Figure 23 displays the derived BA perimeters of the four tested BA products for a fire in Rhodes,
Greece, in July 2023.

DLRBAnrt [ ] DLRBAntc CGLBA31nrt MCD64A1v061 IS
5

[ R EFFIS [ R EFFIS ‘ [ RcEFFIS [ e EFFIS

Figure 23. BA perimeter of a wildfire in Rhodes / Greece, July 2023, as mapped by the (a) DLRBAv2NRT, (b)
DLRBAvV2NTC, (c) CGLBA31nrtand (d) MCD64A1vo61 product. Perimeters are displayed with the outlines of the burnt
H?3 cells. Background: Sentinel-3B band 17 (NIR) from 07/31/2023.

Product Avg. loU Avg. F1-Score Avg. Availability
CGLBA31nrt 0.62 0.76 +1 day
DLRBAvV2NRT 0.69 0.81 <1h
DLRBAv2NTC 0.71 0.83 +1 month
MCD64A1vo61 0.67 0.80 +2 months

Table 11. Average accuracy metrics and temporal availability of BA products over multiple study regions.
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Figure 24. Intercomparison of BA products by loU, regarding the Greece AOI.

Satellite-based burnt area derivation

The methodology described here is designed to address all the requirements of a large-scale
BA monitoring system, with a focus on the timely availability of accurate BA information. It is a
nested approach, embedding a deep learning step into a rule-based environment to derive BA
based on thermal anomalies and optical satellite imagery.

Within TEMA, DLR further developed its burnt area monitoring methods and tested multiple
rule-based, machine learning and deep learning approaches. The best performing approach
for different satellite sensors has been implemented into DLRs fully automated processing
chain. Recent advances include the deployment of the chain on a Kubernetes cluster within the
DLR infrastructure for faster processing and the dissemination of results via OGC Web Feature
Service (WFS). The Web Features APl allows the users to query the available results by location,
time and metadata properties. Public access to the APl ensures seamless integration of products
into the TEMA platform.

The proposed GCN model classified all BA in the 2023 Greece wildfire season with an loU
of 0.77 and F1-Score of 0.87, outperforming the Random Forest, LGBM and DLRBAviNTC
product (see Table 12 and Figure 25). The GCN model only produced a share of OE (6%) while
achieving a satisfactory share of CE (19%). The results reported an improvement (+2% loU
and +1% F1 score) of the GCN model to the rule-based preceding DLRBAv1NTC product. As
the DLRBAvV1NTC product includes temporal refinement filters, Precision and Recall values
were more balanced compared to the DLRBAV2NRT product, which tends to over-predict the
BA more often but also has a significantly higher hit rate (Recall: 0.94). Only Random Forest
and LGBM were able to detect BA with higher Recall (0.96). However, the GCN achieved
a much higher Precision (0.81) in classifying BA compared to the Random Forest (0.71) and
LGBM (0.72). Overall, with respect to KPIs, DLR achieved an improvement of 16% loU for
complete European coverage compared to NTC MCD64A1vo6 which addresses successfully
OA-2 "Increase accuracy of extreme data analysis algorithms". Through the use of a variety of
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sensors the model implementation for TEMA reduces the latency between image acquisition and
automatic 24/7 burnt area mapping by up to 2h compared to the manual resp. semi-automatic
European Forest Fire Information System (EFFIS) approach (latencies of up to 6h on weekdays

and >2 days on weekends).

Accordingly, OC1 "Reduce latency in NDM" and OA3 "Increase

responsiveness/speed of extreme data analysis algorithms" have been successfully addressed.

1.00

0.95

0.90

Model loU Fa1-Score Precision Recall
DLRBAvV2NRT GCN o0.77 0.87 0.81 0.94
DLRBAvV2NRT

Random Forest 0.69 0.82 0.71 0.96
DLRBAvV2NRT

LGBM 0.69 0.82 0.72 0.96
DLRBAvV1iNTC 0.75 0.86 0.87 0.85

Table 12. Accuracy metrics of tested classification models for Greece, 2023.

Model comparison

DLRBAV2NRT GCN DLRBAV2NRT Random Forest ~ DLRBAV2NRT LGBM DLRBAVINTC
Model

| X

. F1-Score
. Precision
. Recall

Figure 25. Accuracy metrics of tested models for Greece, 2023.

TEMA use cases

Figures 26 and 27 show BA mapping results for the TEMA use cases in Sardinia/ltaly (Montiferru
fire) and Kuhmo/Finland. Sentinel-2 post-event imagery was used for the BA derivation.
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4

Figure 26. Use case: M

Figure 27. Use case: Fire near Kuhmo/ Finland. Post-Fire NDVI (blue to yellow: lesser to higher vegetation fitness)
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4.4. Analysis and Construction of 3D Smoke
Concentration Maps

In D3.1, our 2D Finite Element Method (FEM) smoke model provided a foundational simulation
of smoke dispersion dynamics under static conditions. In D3.2, this model has been extended
and integrated into an operational context, enabling real-time smoke and wind mapping to
support field-level decision-making. The main application of this module (PDM-tech-03) is for
first responders and emergency response people to understand the dispersion of smoke from
a forest fire. This is important since accurate information is crucial for evacuations and response
planning; during forest fires, real-time wind and smoke maps can support fire-fighting activities
on the ground [ ].

SOTA (incl. TEMA M1-Ma8)

Existing smoke plume models are highly focused on model accuracy, in situations where many
parameters, such as burn intensity and vegetation material, are known. We refer to [195] for
an in-depth explanation of the state-of-the art algorithms for smoke plume dynamics. Their
current drawbacks are in the norm model complexity and inadaptability to unknown inputs,
both of which make them unsuitable for use in the TEMA platform, which requires real-time
performance with some unknown inputs.

On the other hand, video games and computer graphics perform smoke model calculations in real
time. These often suffer from many simplifying assumptions, since their priority is often artistic
and a visually pleasing, "plausible" simulation is often preferred to a non-smoothly-rendered
"realistic" simulation. For advances in computer graphics in smoke modelling, the review paper
[ ] provides more information. In a platform such as TEMA, where decisions will be made
from the model’s results, however, it is much preferred that the model reflects reality.

Both approaches to modelling share that, if they are physically accurate and not heuristically
based or dependent on highly variable machine learning datasets, they solve some Partial Dif-
ferential Equation (PDE) which describes the dynamics of the smoke. This is a computationally
challenging task, particularly in three dimensions. Some simpler methods which work in two
dimensions, such as finite differences, have lower numerical accuracy for the same number of
computation points and run into issues when used in modelling real 3D data.

It is therefore a gold standard to have a model based on the use of finite elements, especially
in cases where the domain of the problem is irregular, as is the case for the TEMA trials. One
common method of doing so is using the FEnICS library [ ]. DLR-KN in the past implemented
some FEM-based code that modeled the spread of gas in an controlled environment for fire
cases, which was mentioned in D3.1.

Advances beyond SOTA

In the last 12 months, the DLR-KN institute has focused on expanding the modelling capability
of smoke and wind in the TEMA platform. We summarise this work in the following subsections.
3D Wind modelling

To integrate the topography into the scene, it is essential that the model uses terrain information
in its calculations. DLR-KN has investigated two model types on the domains that take into
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account real-time wind data and generate wind flow information. The first is a model which
takes anemometer readings and extrapolates the results to the 3D domain (see Figure 28). The
extrapolation takes into account the height over the surface at which every point is and uses
the so-called log wind profile to obtain an estimate for the wind speed at this surface, assuming
the same wind direction as measured on the ground. This model is expected to give accurate

enough results for small domains but may pose some challenges when the wind sensors are far
apart or the wind is uneven at higher altitudes.

e
o
//}}{}J}
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Figure 28. Interpolation-Based Wind Simulation in complex terrain. This wind field was generated from real data taken
with wind sensors on the irregular topography of Vulcano, Italy in a measurement campaign.

The DLR also investigated another wind model, WindNinja [198], that uses more sophisticated
CFD, to run simulations. This simulation generates 3D wind data which is informed by sensor

readings on different elevation and models the interaction of this wind with uneven terrain.
Figure 29 visualises this model’s results.

Figure 29. CFD-Informed Wind Simulation Based on WindNinja, visualized in Paraview. We see the wind speed
visualized volumetrically over the Montiferru trial region. The mountainous terrain of the region is visible on the lower z
bounds of the volume, and we can see that wind speed increases as expected the further one is from the wind surface.

Domain modelling

The FEM, requires a mesh of points over which the computations will be run, complete with a
geometry of the whole domain. DLR-KN has made progress in defining a 3D mesh on which

Pag. 68 of 107 Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on

ooy . + A+
algorithms for extreme data analytics
+4+++++

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




TEMA |
TRUSTED

EXTREMELY PRECISE |
MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

wind and smoke models can run, as can be seen in Figure 30.

Figure 30. 3D Mesh generated for Montefiori trial region, visualized in Paraview. The region selected is of ca. 2km x 2km
and has elevation difference of 5oom within the selected points. Note the increased sampling frequency from bottom to
the top in z. This is due to the calculation of wind.

The finite element models that DLR-KN uses to model smoke are informed from 3D wind

information and currently run in two dimensions. They were implemented using the FEniCS
library and are mentioned in the deliverables of WP4.
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5. Social media and text se-
mantic analysis

5.1. Introduction

D3.2 builds upon D3.1 by introducing additional and improved models for semantic and
emotion analysis of short texts and advancing multimodal analysis through the integration of
spatiotemporal features and image-language models. This task involves IT:U, AUTH, DLR, ATOS
and FHHI. IT:U leads the task, focusing on topic identification, multilingual handling, relevance
classification and sentiment and emotion analysis. AUTH contributes by researching sentiment
analysis for short texts, such as social media posts. ATOS investigates the use of Contrastive
Language-Image Pre-training (CLIP) methodology to combine images with text snippets. These
efforts are expected to enhance the capability to analyze geosocial media and news content
accurately and efficiently, supporting the overall project goals.

Social media analysis has become an established technique for aiding efforts in disaster man-
agement, stretching over all four phases mitigation, preparedness, response, and recovery of the
disaster management cycle [199, 200]. IT:U focused on topic modeling, multilingual handling,
and post relevance classification, leading to the development of the JSTTS model and few-shot
relevance classifiers. AUTH and IT:U introduced novel frameworks for short-text sentiment
and emotion analysis, including the graph-based TMV approach, consensus-based labelling
strategies, and Aspect-based Emotion Analysis (ABEA), which offers fine-grained emotional
interpretation. ATOS evaluated contrastive image-language models for tasks such as image
captioning and visual question answering, contributing to the multimodal understanding of
disaster scenarios. Together, these developments directly support TEMA Objectives OA2 and
OA3 by enhancing both the accuracy and responsiveness of extreme data analysis workflows.

5.2. Semantic topic modelling and analysis

Semantic analysis methods, including topic modelling and text classification, are essential
for extracting meaningful information from large volumes of social media data. These tech-
niques support situational awareness in disaster management by identifying relevant content,
uncovering prevalent themes, and prioritizing actionable information.

5.2.12. Topic modelling

Topic modelling is a method for the unsupervised discovery of latent semantic topics within large
collections of documents like textual social media posts. More generally, it can be described as
a method of content analysis for text which involves assigning one or more "topic codes" to each
document. Topic modelling can help increase situational awareness during disaster response
and recovery by providing an overview of the topics present on social media [201]. It is also
frequently used as a processing step for social media analysis in NDM, e.g.for the discovery of
spatio-temporal topic clusters or hotspot analysis [202, 203]
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SOTA (incl. TEMA M1-M18)

Traditional topic modelling has been dominated by probabilistic approaches such as Latent
Dirichlet Allocation (LDA) [ ], which infer semantic topics based on word co-occurrence under
a bag-of-words assumption. While LDA has been extended to incorporate additional attributes
such as sentiment, time, and user behaviour, it neglects word order, struggles with multilingual
content, and performs poorly on noisy, short texts typical of social media data. More recent
embedding-based models such as the Embedded Topic Model (ETM) [205], Top2Vec [206], and
BERTopic [207] leverage pre-trained language models and clustering of semantic embeddings to
improve topic coherence and interpretability. However, these approaches are limited to semantic
information and fail to integrate other important dimensions like sentiment, spatial location, and
time. Additionally, existing methods have not been systematically evaluated on disaster-related
social media data, which often contains linguistic noise, emojis, slang, and multiple languages.

Within the first reporting period of TEMA, IT:U addressed these gaps by developing a family
of multimodal topic modelling techniques. The Joint Topic-Sentiment (JTS) model extended
clustering-based approaches by integrating sentiment as an additional modality, resulting in
sentiment-associated topic clusters. JTS outperformed state-of-the-art methods like BERTopic,
achieving a Topic Quality (TQ) score of 0.23 compared to BERTopics o0.12. Building on this, IT:U
initiated the development of the Joint Spatio-Temporal Topic-Sentiment (JSTTS) model, incor-
porating spatial and temporal dimensions to enable geographically and temporally coherent
topic-sentiment clustering. These advances represent a major step beyond existing methods,
providing a comprehensive framework for analysing complex, multimodal disaster-related
social media data. Results from JTS were published in [208], with further JSTTS developments
contributing to T4.3 Information Fusion.

Advances beyond SOTA

The JSTTS model was the basis for a research paper presented at AGILE 2024 [ ] and for
a journal paper in the International Journal of Earth Observation and Geoinformation [ ].
We specifically evaluated our integrated JSTTS approach against a traditional topic modelling
workflow followed by sentiment classification and spatio-temporal analysis across four use case
data sets concerned with (1) the 2021 Western Germany floods, (2) the 2017 Hurricane Harvey
in Texas, (3) the 2023 Chile wildfires and (4) the 2014 Napa earthquake. Overall, our JSTTS
approach achieved an average TQ score of o0.15 while a traditional topic modelling workflow
followed by spatial clustering scored only 0.04. The reason for this is that traditional topic
modelling techniques do not account for geographic space, resulting in redundant topics when
applied in a pipeline spatial or temporal analyses.

Traditionally, semantic topics are represented by keywords which can limit interpretability.
However, understandable outputs are crucial in a NDM context. Therefore IT:U implemented
a topic summarisation approach using the generative Al model Llama-2 which is capable of
extracting a short topic label. In addition, the model was successfully used to extract explicit
information relevant to emergency responders from topic clusters.

With respect to KPIs, IT:U achieved an overall increase in Topic Coherence (TC) of 14%, enhanced
Topic Diversity (TD) by 4% and 11% higher Topic Quality (TQ) compared to the SOTA. OA2
"Increase accuracy of extreme data analysis algorithms" has therefore been successfully ad-
dressed within the scope of TEMA. The algorithm implementation for TEMA additionally utilises
highly efficient semantic embedding models like all-MiniLM-L6-v2 [211], allowing for the
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rapid computation of embeddings and topic modelling in real time. OA3 "Increase responsive-
ness/speed of extreme data analysis algorithms" could therefore also successfully addressed.

5.2.2. Multilinguality handling

Naturally, social media posts come in several languages. Within TEMA, we therefore heavily
focused on improving the performance of our methods across multiple languages.

SOTA (incl. TEMA M1-M18)

Natural Language Processing (NLP) methods have historically been dominated by language-
independent approaches like bag-of-words or by neural network-based models, especially
LLMs. However, most of these approaches were primarily designed for English. Consequently,
they often struggle with multilingual content due to differences in vocabulary, morphology
and grammar across languages. To address these challenges, multilingual models such as
mBERT [ ], XLM-RoBERTa [ ], and GPT-40 [ ] have emerged, supporting cross-lingual
tasks by mapping documents from different languages into a shared embedding space. These
multilingual models enable techniques like BERTopic [207] for multilingual topic modelling and
classification. Nevertheless, their application to noisy, multilingual social media data especially
in disaster contexts remains underexplored.

In the first reporting period of TEMA, IT:U addressed this gap by developing the JTS model
[208], a multilingual topic modelling approach capable of analysing social media posts in up to
100 languages. By clustering semantic and sentiment embeddings, JTS generates sentiment-
associated topics that significantly enhance interpretability and relevance. The model achieved
a TQ score of 0.23 (compared to 0.12 for BERTopic), increased sentiment classification accuracy
from 0.35 to 0.72, and improved sentiment uniformity within clusters to 0.9 (vs. 0.56 baselineg).
These advances represent a key step towards OA2 "Increase accuracy of extreme data analysis
algorithms" by delivering robust multilingual performance, particularly valuable for cross-border
disaster management scenarios.

Advances beyond SOTA

In the second reporting period of TEMA, IT:U further improved the JTS model, resulting in the
JSTTS model already mentioned in Sec. 5.2.1. It allows for the extraction of geographically
delineated topic-sentiment clusters of social media posts. The model supports multilingual
analysis through multilingual embedding models like the multilingual Universal Sentence
Encoder [215]. We evaluated it on geo-referenced Twitter data from four disaster events: the
2014 Napa Earthquake, Hurricane Harvey (2017), the 2021 Ahr Valley floods, and the 2023
Chile wildfires. Consequently, our experiments covered the languages English, German and
Spanish. The spatio-temporal results of our method are covered in D4.2 due to their ties with
information fusion. In this section, we focus on the language processing results. To assess the
effectiveness of JSTTS, we conducted a comparative evaluation against a traditional sequential
workflow. The baseline approach sequentially applies sentiment classification, topic modelling
using BERTopic, and spatial clustering. Unlike JSTTSs integrated framework, this method
processes each modality independently, potentially compromising coherence across semantic,
sentiment, temporal and spatial dimensions.

The results in Table 13 demonstrate JSTTSs superior performance over the sequential workflow.
Across all four disaster scenarios, JSTTS consistently outperformed the baseline in both Semantic
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TQ and SU. TQ scores ranged from 0.081 (Napa Earthquake, English-only data) to 0.191 (Hurri-
cane Harvey, predominantly English), compared to much lower values in the sequential approach
(0.030 and 0.042, respectively). For the Ahr Valley floods (German) and Chile wildfires (Span-
ish), JSTTS achieved high TQ scores of 0.165 and 0.142, substantially exceeding the sequential
methods 0.029 and 0.034. Similarly, SU was consistently higher with JSTTS, ranging from 0.837
(Chile wildfires) to 0.926 (Hurricane Harvey). This contrasted with the sequential workflow,
where SU varied between 0.603 and 0.832. These results underline JSTTS’s ability to generate
semantically coherent and sentimentally consistent clusters, even in multilingual settings. By
jointly modelling topics and sentiments while integrating spatial and temporal features, JSTTS
outperforms traditional sequential methodologies that rely on independent processing steps.

Dataset JSTTSTQ Sequential TQ JSTTSSU Sequential SU
Ahr Valley floods 0.165 0.029 0.891 0.810
Hurricane Harvey 0.101 0.042 0.926 0.832
Chile wildfires 0.142 0.034 0.837 0.673
Napa earthquake 0.081 0.030 0.894 0.603

Table 13. Comparison of Topic Quality (TQ) and Sentiment Uniformity (SU) scores between JSTTS and a sequential
workflow across four disaster-related use cases. Best scores are highlighted in bold.

The results further strengthen the achievement of the TEMA KPIs regaring OA2 "Increase
accuracy of extreme data analysis algorithms". The JSTTS consistently outperformed the
sequential BERTopic-based workflow, achieving up to five times higher TQ scores across several
languages for local and geographically delineated topic-sentiment clusters. All results regarding
JSTTS model including the evaluation across multiple languages is published in [ ].

To further validate multilingual topic modelling for disaster-related social media posts, we
also established a multilingual topic modelling pipeline. It followed a language-agnostic text
preprocessing workflow, including normalisation, tokenisation, and cleaning. Sentence-level
embeddings were generated using transformer-based embedding models such multilingual-
use. For topic modelling, BERTopic [207] was employed. The performance was evaluated using
standard topic modelling quality metrics: TC, TD, Davies-Bouldin (DB), and Silhouette Score.
TC measures the relative co-occurrence of top topic words based on pairwise Pointwise Mutual
Information (PMI), TD assesses keyword uniqueness across topics, while DB and Silhouette
Score quantify intra-cluster similarity and inter-cluster separation. These metrics align with the
current SOTA [ ].

Table 14 summarises the evaluation results across four disaster-specific datasets and a com-
bined dataset. The Rhodes floods (gr) dataset achieved the highest TC (0.819), suggesting
strong semantic consistency within topics. The combined dataset (it, gr, de, en) achieved the
highest TD (0.810), indicating broader thematic coverage at the cost of weaker cluster separa-
tion, reflected by its higher DB score (2.940) and lower Silhouette Score (0.049). The Germany
floods (de, en) and Montiferru wildfire (it) datasets showed moderate coherence and relatively
high DB scores, pointing to less distinct cluster structures. These findings underline the general
trade-off between topic coherence and diversity in multilingual topic modelling, confirming
BERTopics effectiveness in challenging multilingual, real-world disaster data scenarios.

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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

Pag. 73 of 107




TEMA |
TRUSTED |
EXTREMELY PRECISE

MAPPING AND PREDICTION

FOR EMERGENCY

MANAGEMENT

Table 14. Evaluation of topic modelling quality across multilingual disaster datasets, using Silhouette Score, DB Index,

TC, and TD.
Dataset Silhouette DB Score TC TD
2021 Montiferru wildfires (Twitter) 0.102 2.383 0.517 0.650
2024 Rhodes floods (Twitter) 0.132 1.680 0.819 o0.600
2021 Germany floods (Mastodon) 0.042 2.275 0.514 0.667
2021 Germany floods (Twitter) 0.079 2.053 0.577 0.603
Combined dataset 0.049 2.940 0.568 0.810

5.2.3. Postrelevance classification/assessment

Differentiating between relevant and and irrelevant information on social media is crucial during
natural disasters. |T:U therefore intensified their research on relevance classification within the
second reporting period, focusing on improving situational awareness and low-resource settings.

SOTA (incl. TEMA M1-M18)

Relevance classification of geosocial media posts in disaster contexts remains a significant
challenge due to the unstructured, noisy nature of the data and the inherent linguistic diversity
across regions. Early methods primarily relied on keyword-based filtering, which proved
inadequate for handling semantic ambiguity, multilingualism, and diverse linguistic structures.
As the field advanced, machine learning approaches emerged, including CNNs [217], GNNSs that
integrate textual, visual, and temporal information [2 18], and transformer-based models such as
Bidirectional Encoder Representations from Transformers (BERT) [219]. These models typically
classified posts as informative or non-informative or assigned them to predefined actionability
categories. However, most of these approaches were trained on English-language data, raising
concerns about their generalisability to morphologically complex languages and multilingual
settings. In parallel, the understanding of relevance has evolved from binary classification
toward more fine-grained, multi-level relevance schemes that assess a posts contribution to
situational awareness and crisis management efforts [220, 221]. Despite these developments,
relevance classification methods tailored to the multilingual and multimodal nature of social
media data in disaster scenarios remain underexplored.

Within the first reporting period of TEMA (M1-M48), IT:U addressed these gaps by developing
and evaluating a text-based machine learning pipeline for relevance classification of disaster-
related tweets, specifically in a flood context. This included a comparative analysis of multiple
classifiers: a fine-tuned BERT model, naive Bayes, random forest, SVM, and a custom CNN. IT:Us
fine-tuned BERT model consistently outperformed all other methods, achieving improvements
of 39 percentage points in the Gaussian score and 10 - 19 percentage points in the F1 score over
traditional approaches. Additionally, analysis of misclassifications revealed that errors generally
occurred between semantically similar categories, highlighting the robustness of the models
classification logic. These results directly contribute to OA2 "Increase accuracy of extreme data
analysis algorithms" in TEMA by improving relevance detection in disaster-related social media
data. The findings were published in [221].
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Figure 31. Distribution of accuracy and macro F1 scores across the five use case scenarios for each few-shot-learning
model.

Advances beyond SOTA

Within TEMA, IT:U conducted an extensive evaluation of relevance classification strategies for
geo-referenced social media posts in disaster response scenarios. The study focused on five
major disaster events: the 2020 California wildfires, the 2021 Ahr Valley floods, the 2023
Chile wildfires, the 2023 Emilia-Romagna flood in Italy, and the 2023 Turkey/Syria earthquake.
Naturally, our data spanned multiple languages, including English, German, Italian, Spanish,
and Turkish. Given the urgent need for rapidly deployable, low-resource classification methods
in time-critical disaster situations, we focused on Few-Shot Learning (FSL) approaches, which
require minimal labelled data and no task-specific fine-tuning. We applied a three-class rele-
vance scheme consisting of the classes Related and relevant, Related but not relevant and Not
related and compiled an evaluation dataset of 4,746 posts using expert human annotation. For
classification, we used few-shot prompting with eight Small Language Model (SLM), including
GPT-40-mini, Qwenz2.5 7B, and Llama3.1 8B, and applied contrastive learning with SetFit
fine-tuned on multilingual-eg-base. We classified posts in their original language to preserve
semantic nuance and evaluated model performance using standard metrics such as accuracy,
precision, recall, and macro F1-score.

The results are depicted in Fig. 31 and demonstrate the effectiveness of FSL approaches for
rapid and accurate relevance classification in disaster contexts. GPT-40-mini achieved the
highest overall performance with an average macro F1-score of 0.77, followed by Qwen2.5 7B
(0.69) and SetFit (0.65). Despite the diversity of disaster types and languages, GPT-40-mini
consistently delivered high accuracy, though classification performance was slightly lower for
wildfire-related events, likely due to increased semantic ambiguity in post content. Notably,
the multilingual-es-base model, fine-tuned with SetFit, delivered competitive results while
requiring significantly fewer computational resources. Our study focusing on few-shot learning
for social media data in disaster management is the first of its kind and was accepted for the 7th
International Conference on Advanced Research Methods and Analytics (CARMA) in July 2025.
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In an ongoing study, IT:U advances relevance classification of social media data by integrating
spatial and temporal context alongside text-based features. The approach leverages a 13-
dimensional feature vector comprising geographic and temporal proximity to disaster impact
sites (derived from Earth Observation data), local densities and co-occurrences of disaster-
related posts, as well as event-type and location encodings. Combined with transformer-based
language models specialised for social media, such as TwWHIN-BERT-base [ ], the study sys-
tematically evaluates four multimodal integration strategies: feature concatenation, in-context
learning, stacking, and partial stacking. Evaluations across 4,574 manually labelled posts from
five global disaster scenarios show that while spatial and temporal features alone achieve strong
performance (macro F1 = 0.713), and text-only classification with TwHIN-BERT-base reaches
0.779, the best results are achieved through partial stacking (macro F1 = 0.814). The proposed
framework represents one of the first multilingual, context-aware approaches to relevance clas-
sification, contributing to the development of integrated GeoAl systems for disaster response

IT:U’s research directly contributes to OA2 "Increase accuracy of extreme data analysis algo-
rithms" within TEMA. With our enhanced meta learning approach, we were able to outperform
our previous relevance classification model reported in [ 1 by 14% on the same use case, which
were the 2021 Ahr Valley floods. Our Generative Pre-trained Transformer (GPT)-based few-shot
learning method also outperformed our previous SOTA by 9% using only 5 samples per class.
Consequently, our research also contributes to OA3 "Increase responsiveness/speed of extreme
data analysis algorithms" by enabling rapid relevance classification in low-resource scenarios.

5.3. Sentiment analysis for short texts

Emotion analysis offers a more advanced and focused extension of sentiment analysis by
providing deeper insights into human reactions. While traditional sentiment analysis typically
classifies text into general categories like positive, negative, or neutral, emotion analysis partic-
ularly ABEA delves deeper by identifying specific emotional expressions tied to distinct aspects
or topics. This approach significantly surpasses conventional sentiment analysis, which often
overlooks nuanced emotional signals and tends to disregard aspect terms altogether.

5.3.1. Graph-based trustworthy majority voting
SOTA (incl. TEMA M1-M18)

The annotation of emotion in texts is a highly subjective task. Therefore, instead of relying on a
single (and maybe biased) human annotator, it is commonly performed by multiple annotators.
However, this leads to label inconsistency that needs to be addressed. To this end, emotion label
aggregation methods have been proposed to account for annotator differences. Simple Majority
Voting (SMV) is a widely-used baseline due to its simplicity, though it treats all annotators
equally and thus does not consider annotator trustworthiness or biases | ]. Weighted
Majority Voting (WMV) attempts to address this by adjusting annotator weights based on their
general agreement with the majority, yet it neglects annotator pairwise agreement, limiting its
effectiveness [224]. The Dawid-Skene model provides more accurate labels by probabilistically
estimating annotator expertise but suffers from computational complexity [225]. Bayesian
approaches extend Dawid-Skene by integrating prior knowledge, improving uncertainty man-
agement at the cost of computational overhead [ ]. Multi-Annotator Competence Estimation
(MACE) assesses annotator competence to filter out random labeling but struggles with subjec-
tive tasks due to difficulty defining annotator competence [227]. Deep Neural Networks with a
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Crowd Layer integrate annotator biases directly within a neural network architecture, requiring
substantial data per annotator and potentially facing overfitting [ ]. Lastly, Multi-Annotator
Loss Modeling uses multi-task learning to separate noisy labels, enhancing robustness but
at significant computational cost for large datasets [19]. Despite their advancements, these
methods still face significant challenges in reliably aggregating subjective annotations.

Advances beyond SOTA

To address the label inconsistency problem, AUTH have developed a novel graph-based
Trustworthy Majority Voting method, which is described in detail in a conference paper [ ]:

F. Augoustidis, P. Bassia and |. Pitas, "Trustworthy Majority Vioting for Labeling and Ana-
lyzing Multi-Annotator Text Sentiment Datasets", European Signal Processing Conference
(EUSIPCO), 2025.

The developed graph-based annotator ranking system consists of three steps: a) construction
of an Annotator Agreement Graph (AAG), b) calculation of a Label Aggregation Score (LAS) for
each annotator, c) the TMV scheme.

AAG G ={V,E} connects the annotators, which form the node set V/, while edges E are formed
between annotators if they have annotated at least a minimum number of T common data
samples, which is a hyperparameter. The weight of each edge is set equal to the Cohen Kappa
Score [ ] between the two annotators, which quantifies the level of agreement between
annotators on a set of jointly annotated text samples.

The LAS agreement score a; for the i—th annotator is calculated as the average Cohen Kappa
Score for each annotator and is normalized to [0,1], representing low or high annotator score
agreement, respectively. Normalized LAS scores indicate annotator trustworthiness and are
used to weight the annotations.

Finally, the developed TMV scheme operates as follows. For each data point and for each
annotated label, a weighted aggregation score is calculated by summing all the weighted anno-
tations. If a majority is formed, i.e., a unique (weighted) label score is higher than 50% of the sum
of the LAS scores, the data is assigned that specific label. If no majority score is formed, the data
point is simply discarded, as it is assumed that no reliable annotation exists for this data point.

To test the robustness of its method, AUTH introduced varying levels of label corruption to an ex-
isting trustworthy annotator, creating a mix of high and low-quality text sentiment annotations.
The proposed method successfully decreased the trustworthiness of the corrupted annotator,
thereby reducing its final contribution in the labeling aggregation process of the training text
data. Furthermore, AUTH evaluated its approach under conditions of excessive label-level
corruption, altering up to 50% of the total annotations. Models fine-tuned using the proposed
AUTH aggregation technique demonstrate superior performance across all evaluation metrics.

Table 15 compares the balanced accuracy of the proposed TMV method against the previously
SOTA Loss-Modeling method [19] across six Ekman sentiment classes [231] on the GoEmotions
dataset [20].

It is clear that TMV consistently outperforms Loss-Modeling, demonstrating accuracy improve-
ments ranging from 4.2% (Fear) to as much as 13.4% (Joy), surpassing the "Sentiment analysis
accuracy" KPI of objective OA2 "Increase accuracy of extreme data analysis algorithms". On
average, TMV achieves an accuracy increase of approximately 7%, highlighting its effectiveness
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Table 15. Balanced accuracy comparison between TMV and the previous SOTA Loss-Modeling method [19] on
GoEmotions dataset [20]. Higher values indicate better performance.

Sentiment Class TMV Loss-Modelling % Increase
Anger 70% 67% +4.4%
Disgust 68% 65% +4.6%
Fear 73% 70% +4.2%
Joy 76% 67% +13.4%
Sadness 72% 68% +5.8%
Surprise 76% 69% +10.1%

in producing more reliable sentiment classifications by effectively accounting for annotator
trustworthiness and mitigating noisy annotations.

5.3.2. Consensus-based labelling
SOTA (incl. TEMA M1-M18)

An important aspect of any type of model training is the quality of the available training
data. This is particularly important in a rather subjective domain such as sentiment or even
emotion analysis. However, traditionally such labelling is carried out by a single person or
using crowd-sourcing platforms, which often leads to inconsistent or highly biased training
datasets. So-called consensus-based labelling, which combines a multitude of annotators per
data point, was therefore used to develop the models as part of TEMA. A data point is only
included in the final training dataset based on a certain level of agreement between the assigned
labels (e.g. 75%), a so-called inter-annotator agreement. To support this process, in-person
labelling sessions were also conducted in which the annotators worked simultaneously but
independently. After labelling, however, there was always the opportunity for exchange and
discussion and thus potential adjustment of the label assigned.

In the first reporting period, consensus-based labelling was conducted for the training of an
ABEA model, i.e. the identification of emotions related to specific words or phrases in an input
text. A high-quality training dataset was created through a detailed labelling process, where
human annotators identified emotions, marked relevant words, and classified them into joy,
anger, sadness, or fear. A labelling guide ensured consistency, and consensus decisions refined
the dataset, making it more specific than previous state-of-the-art approaches.

Advances beyond SOTA

Recent advances in LLMs have opened up new possibilities for the creation of training data. In
particular, the speeding up and associated cost reduction of the traditionally slow process can
be driven by this. As part of TEMA, state-of-the-art LLMs were tested for their application in
domain-specific labelling. We found that this process already works well in principle, which is
due to the LLMs’ understanding of language. However, especially in less obvious cases (e.g.
without clearly assignable keywords), deviating classifications from the human annotators were
more frequent. As the data quality of training data is particularly important, no LLM-based
training data was therefore used for TEMA.

The consensus-based labelling method was also used to generate a training dataset for
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relevance classification. This domain is also very suitable, as a clear definition of relevance is
very complex and labelling inaccuracies can therefore occur. Three experts from IT:U carried out
the annotation simultaneously and discussed edge cases, which ensured the high quality of the
created training data.

5.3.3. Aspect based emotion analysis
SOTA (incl. TEMA M1-M18)

Text emotion classification has evolved significantly, with lexicon-based, machine learning, and
deep learning approaches offering different strengths. While lexicon-based methods provide
simplicity [ ], machine learning and deep learning models, including Naive Bayes [ 1, SVMs
[ ], and LSTM models [ ], have shown higher accuracy in capturing nuanced emotions.
Additionally, transfer learning has become a valuable tool, especially for languages with limited
labelled data [ ]. Prior research has primarily focused on document- and sentence-level
emotion analysis [237].

In the first reporting period, the Aspect-based Sentiment Analysis (ABSA) model GRadient
hArmonized and CascadEd labeling (GRACE) by [ ] was adapted for the task of ABEA. The
aim of this model is to enhance social media analysis by accurately identifying and classifying
emotional responses related to specific content in social media texts.

Advances beyond SOTA

Further hyperparameter optimisation using a manual grid-search approach was conducted to
improve the relatively low model performance. With this, parameters such as batch size, and
learning rate were optimised. Adjustments were also made to architectural elements such
as shared layers between the Aspect Term Extraction (ATE) and Aspect Emotion Classifica-
tion (AEC) branches. Fine-tuning also included dropout and weight decay adjustments, but
some configurations led to overfitting or reduced performance, especially on external validation
datasets. The model’s performance was evaluated using F1-scores, and the highest performance
was achieved with a configuration (50.8%). This final model utilized a batch size of 16, a learning
rate of 2e-5, 6,000 epochs, 0.1 dropout rate, and 5 shared layers between the ATE and AEC
branches, with fine-tuning applied to both branches in separate training steps. Cross-validation
confirmed that the highest configuration outperformed the baseline by a 6-point improvement
for joint ATE and AEC tasks. Since there is no comparable model for ABEA, this represents a large
advancement of the SOTA. A pre-print describing the EmoGRACE model was published [ ].

Additionally, we tested the usefulness of results from ABEA for disaster management in a case
study on wildfires in California. The analysis found clear spatio-temporal patterns in emotional
responses to wildfires. Areas near fire perimeters experienced significant increases in emotions
like sadness, fear, and anger. Emotionally charged discussions peaked during key fire events,
with anger and sadness dominating, while happiness emerged in relation to relief efforts which
was presented as a Geospatial World Forum 2025 conference [ ].

5.4. Spatial hot spot analysis
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SOTA (incl. TEMA M1-M18)

Spatial hotspot detection identifies areas with a significantly higher-than-expected concentration
of events based on statistical analysis. If the point density in a specific area deviates significantly
from a random distribution, it is classified as a spatial hotspot [241]. Unlike heatmaps, which
provide a continuous visual representation of density, hotspot detection methods assess statisti-
cal significance. Common techniques include spatial autocorrelation measures such as Morans |,
Gearys C, and Gi* statistics [242]. Additionally, machine learning-based approaches have been
explored for predicting hotspots [ ].

The TEMA project applies spatial hotspot analysis to model the distribution of social media
posts. To achieve this, various implementations were developed based on spatial aggregation of
classified data, such as emotion-labelled tweets or disaster-related posts. Different aggregation
methods, including hexagonal grids, were tested, with the Getis-Ord Gi* method identified
as the most suitable. Additionally, the high temporal resolution of social media data enables
spatiotemporal analysis, allowing for the detection of changes over time.

Advances beyond SOTA

In the TEMA project, hotspot analysis was employed to assess the potential for accelerating
the satellite tasking process using social media data. Disaster-related Tweets were spatially
aggregated and compared with a baseline from the previous year. A significant increase in
the proportion of these posts was then categorised as a potential disaster event. The spatio-
temporal distribution of these events was then compared to official alerts from Global Disaster
Alert and Coordination System (GDACS) and burnt areas derived from Sentinel-3 imagery.
The resulting study [244], which employed the workflow for two wildfire case studies, found
that this method could be sensible in areas with higher population densities to speed up the
acquisition of high-resolution remote sensing areas. This methodology, which is not part of
standard remote sensing data retrieval and processing routines, thus advances the SOTA.

5.5. Contrastive image-language models

Vision Language Models (VLMs) represent an advanced evolution of Al, enabling the integration
of visual and textual information for tasks such as image captioning and Visual Question
Answering (VQA), in dynamic contexts like NDM.

SOTA (TEMA M1-M18)

Contrastive image-language models are relatively new, which is why there are not yet many
studies using it. Image classification tasks, on the other hand, have received a lot of atten-
tion in the literature, also with regard to natural disasters. For the most part, CNN-based
methodologies to identify images of floods posted on Twitter were developed [ , 1. [ ]
propose a methodology based on a CNN and transfer learning to perform sentiment analysis
on disaster-related imagery. [ ] analyze which kind of image characteristics lead to higher
user engagement on social media, using Google Cloud Vision to classify the image content.
However, in the media-effective, on-going discourse about ChatGPT, BLIP-2 has also already
been proposed as a tool for automatic question answering for visual content [ 1. [249]
compare the performance of BLIP-2 against other similar models such as OpenFlamingo, LLaVa
or MiniGPT4. [ ] find that BLIP-2 outperforms Flamingo and BLIP considerably for video
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captioning. [ ] propose a workflow to tag road segments from OpenStreetMap that employs
BLIP-2, even though they still achieve a quite low accuracy.

At the project’s inception, BLIP-2 [252] stood out as the only dependable image-to-text
model, combining a CLIP image encoder with large language models such as Opt and Flan
Ts to generate accurate captions and handle basic visual queries. Different variants, including
blip2-opt-2.7b and blip2-flan-t5-xxl, showed comparable performance in producing short
descriptions and answering general image-related questions. Shortly thereafter, OpenFlamingo
[ ] emerged as a more advanced alternative, integrating MosaicML Pretrained Transformer
(MPT) models while still relying on a CLIP encoder. It demonstrated improved capabilities in
addressing nuanced prompts and delivering richer visual outputs. LLaVA [254], built on Vicuna-
7B and 13B, set a new benchmark for multimodal language models on 2023, significantly
enhancing descriptive quality and offering advanced inference features, such as recognizing
textual elements in images and managing follow-up interactions.

Advances beyond SOTA

ATOS has been actively studying and testing the latest developments in VLMs, which have
significantly improved both the quality and depth of image captioning. These models are not
only capable of generating accurate and contextually rich descriptions but also excel at an-
swering complex questions based on visual inputs. This evolution is making VLMs increasingly
relevant for real-world applications that require detailed scene understanding. Florence-2
[255], released in June 2024 by Microsoft, is a lightweight yet highly capable VLM. Despite its
compact architecture offered in 0.2B and 0.7B parameter sizesit demonstrates strong zero-shot
performance on a wide range of tasks, including image captioning, object detection, ground-
ing, and segmentation. Its most notable strength lies in Visual Question Answering (VQA),
achieving a competitive accuracy of 81.7% on the VQAv2 [256] benchmark. This balance of
performance and efficiency makes Florence-2 one of the most scalable options in the VLM
space. Phi-3.5-Vision [257], released in August 2024, is another significant contribution from
Microsoft. It builds on the success of the Phi series by incorporating multimodal capabilities
with a focus on high-level reasoning and visual understanding. With 4.2 billion parameters,
it supports multi-frame image processing and is optimized for use in chat-based applications,
making it ideal for dynamic, conversational Al systems. Phi-3.5-Vision is especially proficient in
both VQA and image captioning, where it handles nuanced, multi-step reasoning questions with
a degree of precision that places it close to larger models, despite its mid-size footprint. Molmo
[ ], developed by the Allen Institute for Al (Ai2) and released in September 2024, represents
a powerful family of open-source multimodal models. The largest variant, with 72 billion
parameters, rivals and even surpasses several proprietary models across various academic
benchmarks. Molmo excels not only in image captioning and VQA but also in pointing and
grounding tasks, which are critical for applications in robotics and virtual environments. It leads
the performance chart with an impressive 86.5% accuracy on the VQAv2 benchmark, making it
the strongest performer among the models evaluated. Qwen2.5-VL [ ], released by Alibabain
February 2025, is a versatile model tailored for a broad spectrum of vision-language tasks. From
image captioning and Optical Character Recognition (OCR) to interactive, dialogue-based VQA,
Qwen2.5-VL demonstrates strong generalization and robustness. The 7B "Instruct" version
achieves a 75.59% accuracy on VQAv2, showing that it balances capability and size effectively
for more general-purpose multimodal applications. Compared to the previously studied models:
BLIP2 (59.0%), OpenFlamingo (50.3%), and LLaVA-1.6 (81.8%), the latest VLMs especially
Florence-2 and Molmo offer superior performance-to-size efficiency on the VQAv2 benchmark.
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This progress reflects not just scaling, but more effective training techniques and task alignment.
After careful evaluation, ATOS selected Florence-2 as the most suitable VLM for integration into
the TEMA platform. Its high accuracy in image captioning, combined with its compact size and
efficient deployment footprint, makes it ideal for scalable, real-time applications.

The captions that can be generated from the image content sometimes also contain geographical
information, such as place names. However, initial tests showed that these are often incorrect.
A study [ ] was therefore conducted to explicitly test the geocoding capabilities of vision
language models for flood images. While they generally outperformed human annotators, the
accuracy was still relatively low. In addition, a bias was found for Central Europe, where results
were considerably better than for other world regions.

5.6. Explainability of language models

Within TEMA, IT:U developed and evaluated a multilingual disaster-related classification
model of social media posts, leveraging Twitter-XLM-RoBERTa [261] fine-tuned on a curated,
multilingual dataset comprising 179,391 disaster-related posts from CrisisLex [262], translated
into five languages. Subsequently, the model was fine-tuned further for floods and wildfires
using active learning. It demonstrated high classification performance, achieving an accuracy of
0.89 and a macro F1 score of 0.88 on a multilingual test set in Spanish, German and English.
The model was published on HuggingFace alongside a conference paper presented at IntelliSys
2024 [ ]. Itis the basis of several processing algorithms within TEMA like hotspot detection
and has been successfully used as a more accurate alternative to keyword filtering in recent
studies [ ]. The model further determines which posts are visualised within the TEMA system
in T6.2. Given its key role within the project and its high performance, the model provides a
robust foundation for applying XAl techniques. In a collaboration of IT:U and FHHI, we aimed to
better understand its decision-making processes and to ensure trustworthiness in operational
disaster response scenarios.

SOTA (incl. TEMA M1-M18)

Despite the growing adoption of large multilingual language models such as XLM-RoBERTa
for disaster-related social media classification, their black-box nature remains a critical barrier
to deployment in high-stakes environments like crisis response. While post-hoc explainability
methods, particularly attention-based and gradient-based techniques like LRP [ , 1,
they often fail to provide token-level insights that align with human-understandable disaster
taxonomies. Moreover, few studies systematically explore how latent decision patterns evolve
across transformer layers or how semantic coherence varies between activation and attribution-
based representations. This lack of fine-grained interpretability limits trust in automated
classifications, especially in multilingual and operational contexts.

Advances beyond SOTA

To achieve deeper explainability, we incorporate AttnLRP into the classification pipeline. It helps
us track the effect of input tokens on the model’s decision by propagating the class score in the
backward direction through the model’s layers. In practice AttnLRP is implemented using a mod-
ified gradient backpropagation pass, and token-level relevances are obtained using automatic
differentiation. Subsequently, token-level relevance scores are normalized and displayed as
heatmaps, explaining why a given decision was made in the classification. In parallel, to analyze
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the model’s latent structure, we extracted relevance vectors (via AttnLRP) and activation vectors
(layer output) from three representative layers: one intermediate layer, one output layer, and
the final classification layer. These high-dimensional vectors were reduced using 2D Principal
Component Analysis (PCA) projection and grouped into clusters according to the disaster
dataset from which those the tweets were extracted. This enabled the discovery of latent
semantic groupings in disaster-related posts (LABE L) and non-disaster posts (LABFE Lg). The
relevance and activation-based clustering were examined individually and conditionally based
on the predicted label. This exposed the development of meaningful clusters along semantics,
such as fire, water, or emergency content. Discovering these meaningful clusters provides
valuable insights into the model’s decision-making process. The relevances of the tokens was
calculated to rank the top tokens per cluster using the attribution score to bring up representative
words corresponding to the taxonomies of human disasters. The pipeline was applied to single
datasets (e.g., Chile wildfires, Germany floods) and multilingual aggregate corpora, illustrating
the framework’s universality across languages and disaster types. We also constructed rele-
vance flow plots, further increasing traceability, to illustrate the progression of attribution values
through the layers of the models. These plots exclude the last layer of classification to bring to
the fore the interpretability of the decision steps in the middle of the transformer architecture.

Integrating AttnLRP with the multilingual XLM-RoBERTa classifier produced transparent visu-
alizations that explain how the model distinguishes between disaster-related (LABEL4) and
non-disaster-related (LABE L) tweets. Figures 32 and 33 revealed that relevance-based em-
beddings form more coherent and semantically meaningful clusters than activations, especially
for LABEL,. This suggests that relevance vectors better capture the key factors driving the
models decisions.

In the transformer layers, most prominently the final classifier, dense layer LABFE L, tweets
clustered closer to each other. These clusters consistently included words such as "flood,"
"terremoto," "evacuate," and "emergency," indicating that the model’s internal reasoning aligns
with human reasoning. While earlier layers showed greater label overlap, the relevance traces
across layers highlighted a clear trend: deeper layers increasingly disentangle semantic patterns
related to disaster classification.

Copyright © 2025 TEMA | DELIVERABLE D3.2: Final report on + + + + + +

algorithms for extreme data analytics
++++++

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

Pag. 83 of 107




TEMA

TRUSTED

EXTREMELY PRECISE
MAPPING AND PREDICTION
FOR EMERGENCY
MANAGEMENT

PCA Projection of Activations

Clusters for all - roberta.encoder.layer.2.intermediate.dense

Clusters: k=5, mode= cls Clusters: k=5, mod Clusters: k=5, mode= max
PCA explained var: 0.41 PCA explained var: PCA explained var: 0.27
0.015
Cluster 1,
0.010 ®  LABEL O
o Cluster2,
0.005 turkey_earthquake_2023, LABEL_1
Cluster 3,
0.000 ®  chile_wildfires_2023, LABEL 1
Cluster 4,
-0.005 ®  germany_floods_2021 _tiktok, LABEL_1
Cluster 5,
-0.010 ®  germany_floods_2021 _twitter, LABEL_1
N x  Cluster center
-0.015
-0.02 -0.01 000 0.01 0.02 -0.1 0.0 0.1 0.2 -0.75 -0.50 =0.25 0.00 0.25 0.50
Cluster 1: ['@", ", 'a", 'user’, ".'] Cluster 1: ['@", ", 'a", 'user’, ".'] Cluster 1: ['@", ", "a", 'user’, "."]
Cluster 2: ['de’, 'De’, 'a, Cluster 2: ['de’, 'De’, ', 'y, ‘Al
Cluster 3: ['In", ‘o', 'e’, "a", 'For'] Cluster 3: ['In", ‘0", 'e', ‘a’, 'For'] Cluster 3: ['In", '0', 'e', ‘a’, 'For']
Cluster 4: ['ho’, 'ch’, 'we', Cluster 4: ['ho’, 'ch', 'we', ', 'p'] Cluster 4: ['ho', 'ch’, 'we', t', 'p']
Cluster 5: ['Ho', ‘A", 'stro’, ‘ch’, 'in'] Cluster 5: ['Ho', 'A", 'stro’, ‘ch’, 'in'] Cluster 5: ['Ho', 'A", 'stro’, 'ch’, 'in']
Clusters for all - roberta.encoder.layer.9.output.dense
Clusters: k=5, mode= cls Clusters: k=5, mode= mean Clusters: k=5, mode= max
PCA explained var: 0.97 PCA explained var: 0.64 PCA explained var: 0.67
0.2 Cluster 1,
®  LABELO
0.1 o Cluster2,
turkey_earthquake_2023, LABEL_1
00 o Cluster3,
: chile_wildfires_2023, LABEL_1
Cluster 4,
-0.1 ®  germany floods_2021_tiktok, LABEL_1
Cluster 5,
-02 ®  germany_floods_2021 _twitter, LABEL_1
X Cluster center
-03
0.2 -0.75 -0.50 -0.25 0.00 025 050 -0.75 -0.50 -0.25 0.00 0.25
Cluster 1: ['@", 'user’, '#', ., "]

Cluster 2: ['.", '#

Cluster 3: ['., '@", 'user', '#', '] Cluster 3: [, '@", 'user’, '#', '."]

Cluster 4: ['#', 'wasser, ‘ch’, 'ho’, "] Cluster 4: [

‘wasser', ‘ch’, 'ho', "]

Cluster 3: [, '@", 'user", *

Cluster 4: ['#', 'wasser’, 'ch’, 'ho", "]

Cluster 5: [, '#",",", 'user’, '@'] Cluster 5: [, '#",",", 'user’, ‘@]
Clusters: k=5, mode= cls
PCA explained var: 0.98
08 TR Cluster 1,
& ®  LABELO
06 3 , Cluster2,
3 turkey_earthquake_2023, LABEL_1
04 o Cluster3,
chile_wildfires_2023, LABEL_1
Cluster 4,
02 ®  germany_floods_2021_tiktok, LABEL_1
Cluster 5,
0.0 ®  germany_floods_2021_twitter, LABEL_1
X Cluster center
-0.2

-1.0 -0.5 0.0 0.5 1.0

Cluster 4: ['#', 'wasser’, 'ch’, 'ho', '2021']

Cluster 5: ['.,

@, e

Figure 32. PCA Projection of Activations
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6. Conclusion

Deliverable D3.2 “Final report on algorithms for extreme data analytics” is the second deliverable
of WP3 of the TEMA project. This document reports the final research results of Tasks T3.1
“Explainable and robust analytics”, T3.2 “Real-time semantic visual analysis and remote sens-
ing”, T3.3 “Social media and text semantic analysis” between M19-M30. The main outputs of
the research carried out, were 32 peer-reviewed publications, that were accepted for academic
journals and conferences and 8 technical reports published as preprints. The developments
are interlinked with WP4, WP5 and WP6. This document serves as a summary of the main
research outputs and serves as a reference point for researchers summarizing the technical
challenges of designing novel algorithms for extreme data analytics. As a public deliverable, it
also supports the dissemination of results to the broader scientific community. Importantly, all
KPls, objectives, and target values defined under WP3, including improvements in algorithm
accuracy, trustworthiness, responsiveness and speed, have been successfully addressed. These
include significant advancements in explainability, semantic segmentation, object detection,
semantic topic and sentiment analysis, relevance classification and emotion analysis of short
texts. Performance improvements consistently exceeded state-of-the-art baselines, validating
the technical effectiveness and scientific relevance of the approaches developed within TEMA.
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