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Beryn. MacoBe nommiperHs: 0e3miIoTHUX JlitanbHEX anapaTiB (brnJIA) mitakoBoro Tumy, 30kpema Oapa-
HKYIOUHMX GOETIPUTIACiB, CTBOPIOE CYTTEBI BUKIMKH 715l GE3MEKH MOBITPAHOTO MPOCTOPY. 1X BUSBJICHHS 3HAYHOKO
MIpOIO IPYHTYETHCSI HA BUKOPHCTAaHHI TEIUIOBUX iH(pauepBOHUX KaMep, AKi 3a0e31euyloTh IaCUBHUI MOHITO-
pHHT y pexxumi 24/7. KirouoBoro mpo0aeMoro po3poOKH TaKUX CHCTEM € 3a]ada «MYJIbTH-MACIITaOHOTO HAOIH-
JKEHHSD»: CYNPOBIJ 1T B MpOLIECi MIBUIKOTO MEPEXOay Bijl AaJEKOro CyOIIKCEIbHOTO «TOYKOBOTOY» BiIOMTKY
o 6sm3bKOTro, N0Ope po3pizHeHoro o6’exra. Leit mepexin € KPUTHYHOK TOYKOI BiIMOBH CYYaCHHUX CHUCTEM
poTH MoBiTpsiHOi o6oponu (ITI10) GmmwKHBOT Mii, BiOMOKO K mpobiieMa TepeaaBaHHsa CymnpoBody. IcHyroi
Ha0OpH JTaHKX He BioOpaxaroTh 11i€i Oe3rnepepBHOT eBOIIOLIT uepe3 HeOe3NeKy Ta BUCOKY BapTicTh 3HOMKH pe-
ITBHMX MOBITPSHAX 30JIMDKEHB 32 KYpCOM 3ITKHEHHs. Takuil «BaKyym» JaHHUX TajJbMy€e PO3BHTOK HaTiHHUX aj-
roputMiB npotufii BriJTA, ockinbky TpaaMIliiiHi CHHTETHYHI JaHi 9acTO HE BiOOPaKarOTh TEPMOIUHAMIUHY
JIOCTOBIPHICTh pEaJIbHUX CEHCOPIB.

Meta po6otn mojsirae y ctoperi Gen-Thermal-UAV — HOBOTO CHHTETHYHOTO HAbOPY JaHUX, po3pobire-
HOTO ISl 3alIOBHEHHS IIi€] MPOTAMHU, a TaKOX Y MPOIMO3MILIiI METOMOJIOTIi, [0 BHKOPHCTOBYE Cy4acHi Bi-
neonidysiitni Mogeni (Gemini Veo 3) Ha OCHOBI JIEKUIBKOX peanbHUX OMOPHUX KaipiB. Takuii miaxig cnpsmMo-
BaHUI HAa FCHEPALIiI0 BUCOKOJOCTOBIPHUX CHHTETHYHHX BijI€0, sKi 30€piraloTh aBTEHTUYHI XapaKTEPUCTHKH Ce-
HCOPIB 1 BOJHOYAC MOJICTIOIOTh PI3HOMaHITHI TPAEKTOPIT MONBOTY, 3a0€3MeUy0UH HaBYaHHS MOJIENeH IETeKTY-
BaHHS Ta TPEKIHTY, CTIKHUX 1O eKCTpEeMaIbHUX 3MiH MacIiTaly.

MeTopoorisi. 3aCTOCOBaHO TeHepaTHBHIH Al-KOHBeep, KepOBaHMIT OIIOPHUMH KaJpaMu. 3aMiCTh IOBHOT
reHeparii JaHuX «3 HyJsD» BUKOPHCTAHO MiJIXi «300pakeHHs — Bie0», MPUB’I3aHHUI O TBOX PEabHAX TEIUIO-
Bi3iHHMX 300pa)keHb: AANBHBOTO (PO3MHUTOI TOUKH) Ta ONIKHBOTO (po3pi3HeHoi JiTakamoxiOHoi mimi). Takuii
miaxijg 3a0e3neyye TepMOIUHAMIYHY JOCTOBIPHICTD, OCKUTBKH AU(Y3iiiHa MOJIENh MOMINPIOE PEATbHUH IIyM ce-
HCOpa, PO3MHTTS Ta TEIJIOBI CUTHATYPH, IIPUCYTHI B CTAPTOBHX 300PaXKEHHSIX, Y3IOBXK PEaTiCTHYHUX TPAEKTO-
piit noipoTy. Moaenb audysii nepeadavae pyx po3noniiy mikceniB, (akTHYHO «TATIOIHHYIOUNY 30€peKEeHHS
(hi3uKH, a He CIIMPAIOYMCh Ha HU3BKO SIKICHY pacTepu3aliro. Po3po0iieHo CTpYKTYpOBaHy TAKCOHOMIIO IPOMIITIB
JUISL TEHEePAaTUBHOI MOAENI, IO A€ PI3HOMAHITHICTh Ta Y3roJUKEHICTh cueHapiiB. OTpuMaHi Bileo aHOTOBAHO
HaIMiBaBTOMATHYHO 3a jonomoroto Segment Anything Model 2 (SAM 2), sika BUKOPHCTOBY€E 4acOBY y3TOJpKe-
HiCTB Jutst Zero-Shot-po3miTku; pesynbratu GiIBTpyBaNUCS 38 TOPOroM IOBipH 85 %.

PesyabTaTn. Habip nanux Gen-Thermal-UAV mictuts 220 Bineo (1 760 cexyna, 6mamu3pko 42 000 kaapis)
i3 po3xinpHOIO 31aTHicTIO 720p, M0 BinoOpaxaloTh CIEeHapil «MOBITPS — MOBITPs» VI B3a€MOZIT JTITAaKOBOTO
turry brJIA. e nepimit HaGip naHux, kUit Gikcye Oe3nepepBHUIT epeXil BiJf TOYKH A0 00’ €KTa B TEIUIOBI3ii-
HOMY Hiana3oHi. [IopiBHANBHUN aHANI3 NiATBEPIDKYE HOTO yHIKaIbHE MONOKEHHS Ha MEPeTHHI TEIIOBOi Moja-
JIBHOCTI, MIAaT(GOPMHU IIOBITPS — HOBITPS» Ta EKCTPEMaATIbHOI MyJIbTH-MacIITaOHOI quHaMiku. Lle BinpizHse Horo
Bix Takux etanoHis, sk AOT, HIT-UAV ta Anti-UAV410.
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BucnoBku. 3anporionoBanuit miaxix Gen-Thermal-UAV ycyBae BaJIMBY NPOTaiiHy B rany3i KOMIT 10Te-
PHOTO 30py, NOB'sI3aHy i3 3acTocyBaHb npoTuaii BiiJIA. Pozpobiena ta BepuikoBaHa METOAOJIOTiS JEMOHCTPYE,
o reHeparuBHuii L1, oOMexeHuid peaJbHUMH OTIOPHUMHE KaJpaMH, 3JaTHUI CTBOPIOBATH (i3UYHO Y3TOKEHI
HaBYaJbHI JaHi A1 Hebe3neuHux abo piakicHuX cueHapiiB. [IpeacTaBiaeHe DOCIIKEHHS HE JIUIIE IPOIOHYE
KPUTHYHO BaXXJIMBUH eTaloH, ane i GpopMye BiATBOpIOBaHUN IPOTOKOJ reHepallii Ta aBTO-PO3MITKH CUHTETUY-
HHX JIaHUX, IEMOKPATH3yIOUH JOCTYI A0 HaBUaHHS Ha «KPaHOBUX» BUIAAKAaX Ta CIPUSIIOYN MIBUAKIH aganTarii
JI0 HOBUX 3arpo3.

Kuro4doBi cioBa: TemioBisiiine iHppauepBoHe cTexeHHs, OE3MIIOTHI JIiTalbHi anapaTu, FeHepallis CUHTe-
TUYHUX JaHUX, BiICoqu(y3iiHI MO, MyJIbTH-MACIITAOHE BUSBICHHS, KOMIT FOTEPHUH 3ip.

Abstract

Introduction. The proliferation of fixed-wing Unmanned Aerial Vehicles (UAVSs), such as loitering muni-
tions, presents a significant challenge to airspace security. Detection relies heavily on Thermal Infrared (TIR)
imaging for 24/7 passive monitoring. A critical challenge in developing these systems is the "Multiscale Ap-
proach" problem: tracking a target as it rapidly transitions from a distant sub-pixel dot to a close-range resolved
object. This transition is a critical failure point for modern defense systems, known as the "handover" problem
in SHORAD. Existing datasets fail to capture this continuous evolution due to the dangers and costs associated
with filming air-to-air collision courses. This data vacuum hinders the development of robust Counter-UAS (C-
UAS) algorithms, as traditional synthetic data often lacks the thermodynamic fidelity of real sensors.

The purpose of the paper is to introduce Gen-Thermal-UAV, a novel synthetic dataset designed to fill this
gap, and to propose a "Seed-Driven" methodology utilizing advanced video diffusion models (Gemini Veo 3).
This approach aims to generate high-fidelity synthetic videos that maintain authentic sensor characteristics while
simulating diverse flight trajectories, enabling the training of end-to-end trackers robust to extreme scale changes.

Methodology. We employed a Seed-Driven Generative Al pipeline. Instead of generating data from scratch,
we used Image-to-Video generation anchored by two real thermal images: one far-field (a blurry dot) and one
near-field (a resolved plane). This approach ensures thermodynamic fidelity, as the diffusion model propagates
the real sensor noise, blur, and heat signatures present in the seed images along realistic flight paths. The diffusion
model predicts the motion of the pixel distribution, effectively "hallucinating" the preservation of physics rather
than relying on low-fidelity rasterization. A structured prompt engineering taxonomy was developed to constrain
the generative model to scientific consistency. The resulting videos were automatically annotated using the Seg-
ment Anything Model 2 (SAM 2), leveraging temporal consistency for zero-shot labeling, validated by an 85%
confidence filter.

Results. Gen-Thermal-UAV comprises 220 videos (1,760 seconds, approx. 42,000 frames) at 720p resolu-
tion, depicting air-to-air fixed-wing engagement scenarios. It is the first dataset to capture the continuous dot-to-
object transition in the thermal domain. A comparative analysis confirms its unique position at the intersection
of Thermal modality, Air-to-Air platform, and Extreme multiscale dynamics, distinguishing it from benchmarks
like AOT, HIT-UAV, and Anti-UAV410.

Conclusions. Gen-Thermal-UAV addresses a high-value gap in the computer vision landscape for C-UAS
applications. The verified methodology demonstrates that Generative Al, when constrained by real-world seed
data, can produce physics-compliant training data for dangerous or rare scenarios. This work not only provides
a crucial benchmark but also establishes a reproducible protocol for generating and auto-labeling synthetic data,
democratizing access to "edge case" training and facilitating rapid adaptation to emerging threats.

Keywords: thermal infrared tracking, unmanned aerial vehicles, synthetic data generation, video diffusion
models, multiscale detection, computer vision.

Introduction. The contemporary geopolitical landscape has been fundamentally reshaped by the pro-
liferation of Unmanned Aerial Systems (UAS), with a decisive shift toward fixed-wing platforms such as
loitering munitions and high-altitude surveillance assets. These systems, characterized by high speeds, high-
altitude operations, and complex kinematics, present a challenge to airspace security. Detection of these
threats increasingly depends on Thermal Infrared (TIR) imaging, which offers passive, 24/7 monitoring
capabilities by detecting thermal emissivity against the cold background of the sky, circumventing limita-
tions of radar and visible-spectrum sensors.
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However, the efficacy of TIR-based defense systems is critically undermined by a lack of representative
training data for Computer Vision algorithms. The central problem is the Multiscale Approach paradox. A
robust system must identify a threat at maximum range, when the target is an almost point-like “thermal
dot” (the domain of Infrared Small Target Detection, IRSTD), and maintain a continuous lock as it closes
the distance and rapidly evolves into a resolved object with discernible geometric features.

This transition represents a critical failure mode in modern Short-Range Air Defense (SHORAD). In a
typical “system of systems” architecture, a radar detects a target, and a thermal camera slews to identify it.
The critical point of failure is often the handover. The tracker must lock onto the initial dot and maintain the
lock as the target approaches and changes shape. If the tracker fails during this multiscale transition, the
engagement fails. Current algorithms struggle with this handover: models trained on IRSTD datasets fail
once the target develops internal texture, while standard trackers fail to initialize on featureless dots.

Bridging this gap requires data capturing the continuous temporal evolution of an air-to-air interception.
Capturing such data in the real world is logistically prohibitive due to the risks and costs of collision-course
flights. Consequently, the research community relies on fragmented datasets, each covering only a subset
of the sensing modality, platform geometry, or scale dynamics relevant to fixed-wing interception.

This paper introduces Gen-Thermal-UAV, a research contribution addressing this specific lacuna
through Generative Artificial Intelligence. By leveraging the Gemini Veo 3 video diffusion model [1], an-
chored by real thermal “seed” images, we generate a dataset that combines the thermodynamic realism of
authentic sensor data with the trajectory diversity of simulation. This approach enables the training of end-
to-end trackers that learn a unified feature representation robust to extreme scale changes, directly address-
ing the SHORAD handover problem and potentially increasing the kill probability (Pk) of automated de-
fense systems.

Furthermore, this seed-driven methodology democratizes the creation of datasets for “Black Swan”
events — rare but catastrophic scenarios such as head-on collisions that cannot be safely filmed. A researcher
needs only one image of a new threat (e.g., a grainy thermal capture of a novel enemy drone) to generate
thousands of synthetic training videos. This allows for rapid adaptation of defensive algorithms to new
threats, reducing the “time to adaptation” from months to hours.

This work presents three primary contributions: (1) the Gen-Thermal-UAV dataset (220 videos) of syn-
thetic thermal air-to-air interception scenarios for fixed-wing UAVS; (2) a seed-driven generation pipeline
that distills the thermodynamic properties of real thermal images into extensive video data via a state-of-
the-art video diffusion model [1]; and (3) verification of this dataset as a benchmark targeting the continuous
dot-to-object transition, validated by an automated zero-shot labeling workflow using the Segment Anything
Model 2 (SAM 2) [2].

Analysis of Recent Studies and Publications. To verify the novelty of Gen-Thermal-UAV, we ana-
lyze the existing landscape of UAV detection and tracking datasets. The current ecosystem is fragmented
across sensing modalities, platforms, and target definitions, leaving a specific gap for thermal fixed-wing
air-to-air engagement.

The most prominent thermal benchmarks are the Anti-UAV series, including the recently proposed
Anti-UAV410 dataset [3]. Anti-UAV410 provides high-quality thermal sequences of drones in challenging
outdoor scenes but predominantly features rotary-wing quadcopters, whose flight dynamics (hovering, slow
translation) differ fundamentally from the high-speed, high-inertia trajectories of fixed-wing aircraft. More-
over, sensing is typically ground-to-air, precluding truly dynamic air-to-air backgrounds with parallax-rich
cloud motion. Safety constraints further prevent the inclusion of true collision-course trajectories that would
capture the radial expansion of an incoming fixed-wing threat.

In the aerial domain, the Airborne Object Tracking (AOT) dataset [4] offers massive scale for air-to-air
tracking, with millions of annotated frames collected from aircraft platforms. However, AOT is exclusively
in the RGB/gray domain; transferring learning from RGB to thermal imagery is non-trivial due to the un-
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derlying physics mismatch: RGB sensors observe reflected light, while TIR sensors measure emitted ther-
mal radiation. AOT cannot teach a network to interpret sensor-specific noise statistics, blooming, or scintil-
lation patterns that are critical for robust thermal tracking.

The HIT-UAV dataset [5] provides high-altitude thermal data, focusing on air-to-ground surveillance.
Targets include vehicles and pedestrians imaged against hot earth backgrounds, with clutter statistics dom-
inated by ground emissivity. These statistics are incompatible with the “cold sky / hot aircraft” regime of
anti-aircraft tracking. The camera geometry is also different: steep look-down angles in HIT-UAV versus
near-horizon sky backgrounds in air-to-air engagements.

Beyond C-UAV-centric benchmarks, BIRDSAI [6] offers an aerial TIR dataset collected from a fixed-
wing UAV for wildlife conservation. It contains real and synthetic thermal videos of humans and animals
under poaching scenarios and demonstrates the value of combining real and simulator-generated thermal
data. However, BIRDSAI focuses on ground targets and does not model the extreme z-axis scale change
associated with head-on fixed-wing interception.

Datasets focusing on Infrared Small Target Detection (IRSTD), such as NUAA-SIRST [7], NUDT-
SIRST [8], and IRSTD-1K [9], treat the task primarily as binary segmentation on static images. They pro-
vide high-quality labeled data for dot-like targets but lack temporal coherence and do not cover the transition
from sub-pixel anomalies to fully resolved aircraft. IRSTD algorithms trained on these datasets often fail
once the target grows larger than a few pixels and develops internal texture.

To mitigate data scarcity in IRSTD, several works have explored synthetic infrared generation. A recent
study proposed a GAN-based method for infrared dim and small-target sequence dataset generation, show-
ing that synthetic data can enhance deep IRSTD models when carefully designed [10]. Nonetheless, many
GAN- and game-engine—based methods produce sky-background sequences without realistic sensor arti-
facts or complex 3D air-to-air kinematics.

Beyond the C-UAV datasets above, the broader UAV tracking community has released large-scale
RGB and RGB-T benchmarks. UAV123 [11] introduces 123 low-altitude aerial sequences (more than 110k
frames) shot from a UAV platform, together with a photorealistic simulator tailored for aerial tracking.
VTUAYV (Visible-Thermal UAV Tracking) [12] provides 500 paired RGB-T sequences with 1.7 million
high-resolution (1920x1080) frame pairs and supports short-term, long-term and segmentation-mask track-
ing evaluation. VisDrone [13] offers over 260 video clips and more than 10k images captured by drones
over 14 cities, with tasks including image/video detection and single/multi-object tracking. These datasets
are invaluable for evaluating tracking architectures and multi-modal fusion, but they focus on ground targets
or larger, clearly resolved UAVs and predominantly operate in RGB or RGB-T modalities rather than pure
TIR air-to-air engagements.

For drone detection itself, Svanstrom et al. compiled a multi-sensor drone detection dataset that includes
synchronized infrared, visible and audio streams recorded at several airports [14]. The database covers mul-
tiple drones and confuser classes such as birds, airplanes and helicopters and is explicitly organized by range
bands following the Johnson DRI criteria. While highly relevant for C-UAV research, acquisition ranges
are constrained by visual-line-of-sight regulations (~200 m), and the geometry remains ground-to-air rather
than air-to-air.

On the algorithmic side, recent surveys on infrared small-target segmentation and detection networks
provide comprehensive taxonomies of IRSTD architectures, losses and publicly available datasets, and they
unanimously identify data scarcity, temporal incoherence and limited scenario diversity as key bottlenecks
[15, 16]. However, these works mostly discuss static or quasi-static target scales and do not supply thermal
air-to-air video of fixed-wing aircraft.

A new wave of TIR anti-UAV benchmarks has also appeared. CST Anti-UAV [17] is a thermal dataset
of 220 sequences with tiny UAVs in highly cluttered scenes and over 240k manual bounding-box annota-
tions, designed for single-object tracking in complex environments. It exposes pronounced failure modes of
current trackers on tiny targets. At the method level, CAMTracker introduces a contrastive-augmented
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memory network that significantly improves long-term anti-UAV tracking performance on Anti-UAV
benchmarks in TIR videos [18].

As summarized in Table 1, there is still no publicly available dataset that simultaneously offers: (i)
thermal sensing, (ii) air-to-air sensor geometry, and (iii) continuous extreme dot-to-object scale changes for
fixed-wing UAVs. Existing TIR benchmarks focus on drones observed from ground-based sensors or on
static/dot targets; large RGB and RGB-T benchmarks and multi-sensor datasets operate in different sensing
regimes and geometries. Gen-Thermal-UAYV is explicitly designed to fill this gap.

Summary of sensing modality, platform geometry, target type, dataset size, and effective scale regime.
Gen-Thermal-UAYV is the only dataset that simultaneously provides thermal sensing, air-to-air geometry,
and extreme dot-to-object scale transitions for fixed-wing UAVs.

TABLE 1. Comparison of existing UAV / IR small-target datasets with the proposed Gen-Thermal-UAV benchmark

Dataset Modality Platform Target type Videos/images Scale
AOT [4] RGB/Gray Air-to-Air Planes/rotors 4,943/5.9M Low (long range)
HIT-UAV [5] Thermal Air-to-Ground ground objects —12,898 Low (top-down)
Anti-UAV410 [3] Thermal Ground-to-Air Rotary (mostly) 410/438k Mixed
CST Anti-UAV [17] Thermal Ground-to-Air Tiny UAVs 220/240k Mostly tiny-scale
BIRDSAI [6] Thermal Air-to-Ground ground objects 48/50k Low-—medium
(real+sim) (ground)
NUAA-SIRST [7] Thermal Mixed Small/dim targets — 1400 Static (dot-level)
NUDT-SIRST [8] Thermal Mixed Small/dim targets -1k Static (dot-level)
IRSTD-1K [9] Thermal Mixed Small/dim targets —/1k Static (dot-level)
GAN-SIRST [10] The_rmal (syn- Simulated Small/dim targets —11,327 Static / small-motion
UAV123 [11] g]étll_;) Air-to-Ground ground objects 123/110k Medium (viewpoint)
VTUAV [12] RGB-T Air-to-Ground ground objects 500/1.7M Medium (RGB-T)
VisDrone [13] RGB Air-to-Ground ground objects 263/179k Medium (crowded
Multi-sensor [14] RGB+Ther- Ground-to-Air Drones/confusers 450/205k Ssilegret)?r)ange bands
mal+Audio
Gen-Thermal-UAV ;r;iirér;al (syn- Air-to-Air Fixed-wing 220/42k Extreme (dot«>object)

Methodology. The proposed methodology employs a seed-driven Generative Al pipeline. We treat
generation as a form of “knowledge distillation”, where the thermodynamic truth of a real thermal image is
expanded into a temporal sequence by a video diffusion model.

We use image-to-video generation via the Gemini Veo 3 model [1], anchored by real thermal seeds.

Diffusion models are probabilistic generative models that learn the data distribution p(x) by reversing

a gradual noise-addition process. When we provide a real thermal seed, we supply a sample x0 drawn from
the true distribution of thermal physics. The seed inherently contains atmospheric blur, sensor grain, bloo
ming and thermal contrast that conventional game engines fail to simulate accurately.

The diffusion model’s task is not to rasterize the next frame from geometric primitives, but to predict
the motion of the existing pixel distribution. It infers how a noisy, blurry patch of pixels (the UAV) evolves
over time within a noisy background. Because the model has been trained on vast quantities of real videos,
it implicitly encodes the statistics of motion (optical flow) and propagates the texture of the seed — the real
thermal physics — along plausible flight paths. This effectively “hallucinates” physics-preserving motion,
producing videos that retain subtle effects such as blooming and scintillation present in the original seed.
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We utilize two distinct seeds: Seed A (Fig. 1, a), a real thermal capture of a fixed-wing UAV at extreme
distance (>700m), and Seed B, a real thermal capture at close range, near 50 m (Fig. 1, b). Seed A generates
81 videos emphasizing detection and approach under low signal-to-noise ratio (SNR), while Seed B gener-
ates 139 videos focusing on chasing and maneuvering, including high-G turns and evasive behavior. To-
gether, the seeds span the full multiscale continuum from dot-like detection to high-detail terminal tracking.

a b

FIG. 1. Real thermal seed images used for video diffusion: a — Seed A — far-field IRSTD-scale fixed-wing UAV at 700 m
range, appearing as a blurry thermal dot; b — Seed B — near-field fixed-wing UAV at <50 m, with a resolved
airframe and clearly visible hot engine region. These two seeds anchor the multiscale dot-to-object continuum
modeled in Gen-Thermal-UAV

Structured Prompt Engineering. To achieve scientific consistency rather than artistic randomness, we
developed a structured prompt taxonomy (Table 2). This taxonomy constrains the generative model to obey
the physical and operational characteristics of fixed-wing flight and TIR imaging.

The components are: (1) Environmental context, defining background and atmosphere; (2) Sensor mo-
dality, enforcing the visual style of the hardware; (3) Subject definition, describing target morphology; (4)
Scale and evolution, specifying temporal change in apparent size; and (5) Motion dynamics, defining tra-
jectory and camera behavior.

This structured approach acts as a constraint-satisfaction mechanism. By explicitly including negative
prompts (e.g., “bad quality”’), we encourage the model to generate data that resembles real, imperfect mili-
tary sensors rather than polished CGI renders, reducing the reality gap.

TABLE 2. Structured prompt taxonomy for seed-driven thermal video synthesis. Prompt components used with Gemini
Veo 3 to generate physics-consistent thermal air-to-air videos from real seeds. Each component constrains a dif-
ferent aspect of the simulation: environment, sensor modality, target morphology, multiscale evolution, and mo-
tion dynamics

Component Function Example

Environmental context Defines background and atmos- “High altitude, clouds, warzone environment.”
phere

Sensor modality Enforces visual style of hardware | “Infrared footage (white-hot), bad quality, high sensor

noise, monochromatic.”

Subject definition Describes target morphology “Small fixed-wing plane, engine area is hotter.”

Scale & evolution Describes temporal change in size | “Tiny dot becomes visible plane” (approach scenario)

Motion dynamics Defines trajectory and camera be- | “Camera chase, shaky rapid movement, banking turn.”
havior

Automated Labeling with SAM 2. We automate annotation using SAM 2 [2]. A single bounding box is
drawn on the seed image (frame 0). SAM 2 employs a memory-bank architecture and temporal attention to
propagate this mask through subsequent frames, producing high-quality segmentation masks over time.
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Because the video is generated from a single seed, there is perfect feature continuity at the start, allow-
ing SAM 2 to lock onto the target’s thermal gradient reliably. We apply a confidence filter: if SAM 2’s
internal confidence for the propagated mask drops below 85%, the track is terminated and the remaining
frames are discarded. This ensures that only high-confidence, pixel-accurate annotations are retained, yield-
ing approximately 42,000 tight bounding boxes and masks. All resulting tracks were then inspected with a
fast manual sanity check to remove obvious failures (missed targets, mask drift, identity switches) and to
verify overall annotation consistency across sequences.

The Gen-Thermal-UAV Dataset. The Gen-Thermal-UAV dataset is designed to stress-test trackers
on approach and chasing behaviors that are under-represented or missing in current benchmarks.

The dataset contains 220 videos, totaling approximately 1,760 seconds (over 42,000 frames, random 15
frames shown in Fig. 2) of air-to-air engagement. All videos are at 1280 x 720 (720p) resolution and 24 fps.
Data are grouped by the input seed: Subset A (“Far-Field” collection, 81 videos) and Subset B (“Near-Field”
collection, 139 videos).

FIG. 2. Representative frames from the Gen-Thermal-UAV dataset. Randomly sampled frames illustrating (i) the dot-scale
detection regime, (ii) the continuous dot-to-object expansion as the target approaches, and (iii) close-range maneu-
vering of fixed-wing UAVs in diverse thermal backgrounds

Each frame is annotated with a bounding box and a binary mask for the target UAV, enabling both
tracking and segmentation-based evaluation protocols. These labels are generated automatically by SAM 2
and subsequently verified via a rapid manual pass to sanity-check the tracks and filter residual labeling
errors. We assert that Gen-Thermal-UAYV is novel based on three pillars of innovation.

First, the “approach vector” novelty: as summarized in Table 1, no existing public dataset provides
thermal air-to-air video of fixed-wing UAVs undergoing extreme multiscale changes. Anti-UAV410 [3] and
CST Anti-UAV [17] focus on drones observed from ground-based sensors; large aerial benchmarks such as
AOT [4], UAV123 [11] and VTUAV [12] operate in RGB or RGB-T modalities; VisDrone [13] and HIT-
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UAYV [5] emphasize ground targets; BIRDSAI [6] covers aerial TIR data but for conservation scenarios and
ground objects; IRSTD benchmarks [7-9] provide static dot-like targets without temporal evolution. Gen-
Thermal-UAV is therefore, to the best of our knowledge, the first benchmark to focus explicitly on the
continuous thermal “approach” scenario for fixed-wing targets.

Second, the “seed” novelty: our approach verifies a new paradigm of using real thermal seeds inside a
video diffusion model. Unlike polygon-based rendering, which tends to produce unrealistic hard edges and
over-clean imagery, our method preserves the noise texture, blooming and heat-gradient structure present
in operational sensors. The diffusion model “hallucinates” motion of the existing real pixels rather than
creating synthetic objects from scratch, thereby maintaining thermodynamic fidelity [1,10].

Third, zero-shot annotation verification: the integration of SAM 2 [2] verifies a novel, scalable work-
flow that combines the visual fidelity of real data (through seeds) with the labeling efficiency of synthetic
data. This zero-shot annotation pipeline eliminates manual bounding-box drawing and mask refinement,
reducing the cost of scaling to new sensor modalities or threat classes. The same scheme—seed image +
structured prompt + SAM 2 auto-labeling — extends naturally to maritime, ground, or space-based sensing
regimes.

Future Work and Discussion. The immediate next step is to establish a benchmark on Gen-Thermal-
UAYV using state-of-the-art trackers and IRSTD-inspired detectors [3, 5, 7-9, 17, 18]. Recent work such as
CAMTracker [18] shows that carefully designed memory and contrastive modules can significantly improve
TIR anti-UAV tracking on Anti-UAV benchmarks, yet performance remains limited when targets are tiny
and fast-moving. We hypothesize that standard short-term trackers will struggle even more on our dataset,
where the apparent scale of the target changes by orders of magnitude within seconds.

A key research question is the efficacy of generative video as data augmentation. We propose an ex-
periment comparing a baseline detector trained only on the two real seed images versus an augmented model
trained on the full set of 220 synthetic videos. We hypothesize that the augmented model will show signif-
icantly higher average precision on real-world test data, similar to improvements reported in recent anti-
UAYV work that combines real videos with synthesized UAV data [10,19].

In particular, Liu et al. construct Anti-MUAV15, a multi-object thermal dataset complemented by syn-
thetic UAV sequences, and show that learning an adaptive detection—tracking collaboration on augmented
data yields more accurate and robust anti-UAV systems [19]. Our seed-driven diffusion pipeline offers a
complementary way to synthesize approach trajectories and could be integrated into similar joint detection—
tracking frameworks.

Finally, the pipeline — Seed Image + Structured Prompt + SAM 2 Auto-labeling — is inherently domain-
agnostic. This seed-driven approach enables the multiplication of rare or dangerous events across domains
such as maritime search and rescue, ground-based surveillance, and space domain awareness. Recent anti-
UAYV surveys explicitly highlight diffusion-based data synthesis and multi-modal fusion as key future di-
rections for robust UAV perception [20]. Gen-Thermal-UAV provides a concrete instantiation of this
agenda in the thermal air-to-air regime and suggests that similar seed-driven generative benchmarks could
be constructed for other sensing geometries and threat models. Furthermore, such high-fidelity tracking data
is a critical prerequisite for advanced interception logic, such as the two-level routing algorithms for moving
targets proposed in [21], bridging the gap between perception and actuation.

Conclusions. Gen-Thermal-UAV addresses a specific, high-value gap in the counter-UAV (C-UAV)
landscape: thermal video of fixed-wing aircraft in dynamic air-to-air engagement scenarios. By providing
data that covers the entire approach — from IRSTD-scale dot detection to terminal object tracking — it enables
the training of next-generation trackers capable of handling the multiscale transition that currently under-
mines SHORAD handover.

The verification of our methodology demonstrates that Generative Al, when constrained by real-world
seed data, can bridge the gap between static image datasets and dynamic video requirements. Through com-
parative analysis against existing RGB, RGB-T, thermal and IRSTD benchmarks, we confirm that Gen-
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Thermal-UAV occupies a unique niche: synthetic yet physics-preserving TIR air-to-air data with extreme
scale dynamics. Beyond this specific dataset, the proposed pipeline offers a reproducible protocol for gen-
erating and auto-labeling synthetic data, democratizing access to “edge-case” training scenarios and sup-
porting rapid adaptation to emerging threats.
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analysis, writing — original draft; Viacheslav Liskin — supervision, conceptualization, methodology, formal
analysis, resources, writing — review & editing.
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