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OPEN: An aerial colorimage anomaly
patapescripTor  dataset for search missions in
complex forested terrain

Rakesh John Amala Arokia Nathan®3, Matthias Gessner?3, Nurullah Ozkan3, Marius Bock?,
Mohamed Youssef!, Maximilian Mews?, Bj6rn Piltz?, Ralf Berger? & Oliver Bimber>*

After a family murder in rural Germany, authorities failed to locate the suspect in a vast forest despite
a massive search. To aid the search, a research aircraft captured high-resolution aerial imagery.

Due to dense vegetation obscuring small clues, automated analysis was ineffective, prompting a
crowd-sourcing initiative. This effort produced a unique dataset of labeled, hard-to-detect anomalies
under occluded, real-world conditions. It can serve as a benchmark for improving anomaly detection
approaches in complex forest environments, supporting manhunts and rescue operations. Initial
benchmark tests showed existing methods performed poorly, highlighting the need for context-aware
approaches. The dataset is openly accessible for offline processing. An additional interactive web
interface supports online viewing and dynamic growth by allowing users to annotate and submit new
findings.

Background & Summary

On 6 April 2025, a family was brutally murdered in their home in the middle of the night in Weitefeld,
a small German village. The prime suspect was believed to have fled into the nearby forest, a sprawling
60-square-kilometer area. Despite an extensive search involving over a thousand police officers, helicopters,
drones, and divers, the perpetrator remained at large. The sheer size of the search area, combined with dense veg-
etation, made the operation extremely challenging. After three weeks with no breakthroughs, authorities con-
cluded that the suspect was most likely dead. Yet, locating his remains was crucial—not only to bring closure to
the case but also to ease the lingering fear among residents of Weitefeld and neighboring villages, who were left
in the unsettling limbo of a cold case. To advance the search, Johannes Kepler University, the German Aerospace
Center, and the Rhineland-Palatinate police. On 27 April 2025, a research aircraft took off from Wiirselen
Airfield in Aachen, Germany, equipped with a specialized modular aerial camera system. Its mission was to
scan a 25-square-kilometer section within the search area, capturing high-resolution (8,416 x 6,032 pixels)
aerial imagery to detect anomalies, such as clothing or shelters that might indicate human remains. During the
flight, the plane captured 30,454 RGB images with a ground resolution of approximately 4 x 4 centimeters per
pixel. However, due to dense vegetation obscuring potential clues —some of which might span just a few pixels—
automated object classification was unrealistic. Instead, an online crowd-sourcing initiative, enlisting 160 vol-
unteers, was applied to a 10-square-kilometer priority zone of the scan section to manually analyze a subset of
10,659 images for irregularities. This crowd sourcing was supported by automatic color anomaly detection’.
A total of 405 anomalies were found and categorized as potential objects, shelters, persons, or unknown. 238
of these findings were considered relevant for the case and were subsequently verified by ground police teams
(cf. Fig. 1). Despite these efforts, the mission ultimately did not locate the suspect, leaving the case unresolved.
Nevertheless, the operation yielded a valuable dataset of 34,424 labeled and categorized anomalies across 405
findings appearing from different viewing angles and at different occlusion conditions in 10,659 aerial images
(Fig. 2 illustrates examples). Each of the findings was identified during ground observations by police, and the
corresponding protocols are provided. Furthermore, we supply additional 19,795 unlabeled aerial images cover-
ing two non-priority zones (regions west and east of the priority zone) of the scan section, which facilitate future
labeling and data acquisition. The dataset and the web interfaces used for the crowd sourcing is available online,
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Fig. 1 Map of scan section and priority zone with orthographically projected aerial images of the flight and
locations of relevant findings (top). Example finding in full aerial image and close-up (bottom). During ground
observation, this finding was later identified as “a small barrel, very old, partially overgrown and filled with soil”

Fig. 2 Close-ups of various sample findings contained in the dataset together with their bounding-box labels.
Overall, they include objects such as barrels, trash bags, tarps, metal barriers, floating objects on water; but also
people and potential man-made shelters, hunting stands, sheds, huts, tents, shooting ranges, fire pits, and others -
all identified based on color and structural anomalies.

SCIENTIFIC DATA| (2026) 13:747 | https://doi.org/10.1038/s41597-026-07101-w 2


https://doi.org/10.1038/s41597-026-07101-w

www.nature.com/scientificdata/

Dataset Year | Image Type Size (Train/Val/Test) Resolution Application
700 x 700 . .
58,59
MVTec AD 2019 | RGB, Grayscale | 5,354 1,024 x 1,024 Industrial Inspection
2,232 x 1,024
2,448 x 2,048
MVTec AD 2%° 2025 | RGB, Grayscale | 8,004 (2,528/302/5,174) 2,100 x 1,520 Industrial Inspection
4,224 x 1,056
1,400 x 1,900
1,600 x 1,280
1,600 x 1,100
MVTec LOCO AD* 2022 | RGB 3,644 (1,772/304/1,568) 1,700 x 1,000 Industrial Inspection
1,700 x 850
800 x 1,600
800 x 800 400 x 400
_ADS! 500 x 500900 x 900 . .
MVTec 3D-AD 2021 | RGB 4,147 (2,656/294/1,197) 600 % 600 900 % 400 Industrial Inspection
600 x 800
beanTech Anomaly 1,600 x 1,600 . .
Detection (BTAD)® 2021 | RGB 2,830 600 X 600 800 X 600 Industrial Inspection
Thermal Anomaly . .
- 3670 2022 | Thermal 39,600 288 x 384 Visual Surveillance
Detection®®
UCSD Ped1% 2010 | Grayscale 14,000 238 x 158 Visual Surveillance
UCSD Ped2® 2010 | Grayscale 4,560 360 x 240 Visual Surveillance
FishyscapesLostand | 519 | pgp 375 2,048 x 1,024 Autonomous Driving
Found”
Xi,si;‘;gﬁn"maly Dataset | )453 | Grayscale 10,821 4,000 x 6,000 Industrial Inspection
2,048 x 1,024 -
71 $) 5
RoadAnomaly21 2021 | RGB 110 1,280 % 720 Autonomous Driving
RoadObstacle21”! 2021 | RGB 357 1,920 x 1,080 Autonomous Driving
Manipal UAV
Anomalous Activity 2022 | RGB 68,687 1,280 x 720 UAV-based Surveillance
Dataset (MUAAD)®
Drone-Anomaly®” 2022 | RGB 87,488 640 x 640 UAV-based Surveillance
CUHK Avenue® 2013 | RGB 30,652 640 x 360 Visual Surveillance
ShanghaiTech®® 2017 | RGB 3,17,398 856 x 480 Visual Surveillance
UIT-ADrone® 2023 | RGB 2,06,194 1,920 x 1,080 UAV-based Surveillance
Highway Traffic . .
Anomaly (HTA)” 2020 | RGB ~ 400,000 1,280 x 720 Visual Surveillance
ADOC® 2020 | RGB 2,59,127 2,048 x 1,536 Visual Surveillance
Street Scene”® 2020 | RGB 2,03,257 1,280 x 720 Visual Surveillance
San Diego airport” 2002 | Hyperspectral 1 400 x 400 x 224 Remote Sensing
Viareggio®! 2013 | Hyperspectral 1 450 x 375 x 511 Remote Sensing
HYDICE Forest” 1995 | Hyperspectral 1 64 X 64 x 210 Remote Sensing
HYDICE Urban”’ 1995 | Hyperspectral 1 307 x 307 x 210 Remote Sensing
MUUFL Gulfport .
(MUUFL)® 2010 | Hyperspectral 1 325 x 220 x 64 Remote Sensing
. 10,659 (labeled), 19,795 Complex Forested Terrain
Weitefeld (ours) 2025 | RGB (unlabeled), extendable 8,416 x 6,032 (e.g., SAR, manhunt)

Table 1. Overview of Image Anomaly Detection Datasets.

enabling to view, analyze, and additionally label these images and findings. For validation, we applied our dataset
to benchmark several common color anomaly detection methods, including deep-learning-based approaches
(Feature Reconstruction Error (FRE)?, FastFlow?, Efficient AD*) and model-based techniques (Reed-Xiaoli
Global (RXG)!, Reed-Xiaoli Modified (RXM)®, principal component analysis (PCA)®). We found that all of
them performed poorly on our data - especially in case of strong occlusion caused by vegetation. A key reason
for this failure is that decisions based on local image regions or individual pixels lack the broader contextual
information that our human volunteers utilized. For instance, occurring structures such as tree stumps, that are
conspicuous in isolation may not be flagged as anomalies when appearing frequently across a wider area. We
believe that our real-world, large-scale search effort under challenging and realistic conditions provides a unique
resource for improving and benchmarking automatic image anomaly detection algorithms which are critical
for search-and-rescue missions and manhunts in complex, forested terrain. Such a dataset did not exist before.

On August 5, 2025, the severely decomposed body of the murderer was discovered in an open field near
Weitefeld, approximately 200 meters from where our flight plan had ended. It emerged that he had taken shelter
inside an underground concrete water pipe about 100 meters away, where he died. His weapon was also found
inside the pipe. Months later, a heavy rainfall event washed the body out to the location where it was ultimately
discovered.
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Related Works & Datasets. Anomaly detection in visual data plays a vital role in numerous real-world
applications where rapid and accurate identification of irregularities is essential. Key domains include search and
rescue (SAR) operations’~'® where identifying visual anomalies can help to locate individuals or objects of inter-
est in vast and complex terrains, wildlife monitoring!” where deviations in species behavior or distribution can
signal ecological threats, and automated industrial inspection'®-2 where the detection of defects ensures quality
control and operational safety. The nature of the task often depends on the imaging modality, leading to distinct
categories such as color-based anomaly detection®-1*1>1627.28 structural anomalies (e.g., geometric deformations
or missing components in manufactured parts?**’), thermal irregularities®~*%, and spectral anomalies involving
multispectral or hyperspectral imagery>*-#. Advances in deep learning*->* and model-based frameworks!**->
have significantly improved the robustness, generalization, and real-time applicability of anomaly detection
systems.

A variety of publicly available datasets support the development and benchmarking of anomaly detection
techniques across multiple domains (see Table 1). In industrial inspection, datasets such as the MV Tec anomaly
detection dataset (MVTec AD)***® and its successors (MVTec AD 2)%, MV Tec logical constraints anomaly
detection dataset (MVTec LOCO AD)*, MV Tec 3D anomaly detection dataset (MVTec 3D-AD)®') offer RGB
and grayscale images of manufactured parts with various types. These datasets span resolutions from 400 x 400
to over 4,000 x 2,000 pixels and include thousands of samples, enabling evaluation of both 2D and 3D anomaly
detection. The beanTech anomaly detection BTAD dataset®® provides additional variety of high-resolution RGB
images of manufactured parts for anomaly detection. In the domain of visual surveillance, benchmark datasets
such as UCSD Ped1% and Ped2%, CUHK Avenue®, ADOC®, and ShanghaiTech® focus on anomalous motion
patterns and abnormal events. These include non-pedestrian entities appearing in pedestrian walkways and
unusual behaviors such as throwing objects. The datasets offer footage in either grayscale or RGB format, typi-
cally at moderate resolutions.

UAV-based anomaly detection is supported by datasets such as Drone-Anomaly®’, MUAAD®, and
UIT-ADrone®, which collectively contain hundreds of thousands of RGB video frames. These datasets primar-
ily focus on general aerial surveillance, capturing anomalous events or patterns in urban or open environments
with relatively clear visibility. However, these datasets do not capture the visual complexity of forested environ-
ments, including frequent occlusions and clutter, nor are they tailored to the operational requirements of SAR
and manhunt scenarios. In the thermal domain, the Thermal Anomaly Detection dataset®” offers nearly 40,000
infrared frames, aiding anomaly detection in low-light or thermally variable settings. For autonomous driving,
datasets like Road Anomaly217!, RoadObstacle21”!, Highway Traffic Anomaly (HTA)”? and Fishyscapes Lost and
Found”>” provide RGB street-level imagery to identify hazardous or anomalous objects on roads. Additional
benchmarks, such as VisA”, support large-scale industrial inspection with high-resolution RGB imagery span-
ning 12 objects across 3 domains, while the Street Scene’® dataset captures real-world urban anomalies. In addi-
tion, several datasets using hyperspectral imagery (e.g., environmental monitoring, urban analysis, vegetation
and forest assessment)”’~8! enable applications such as spectral anomaly detection. Although these datasets col-
lectively cover a broad spectrum of sensing modalities, resolutions, and application areas, none are designed to
support anomaly detection in the highly challenging conditions of densely forested search environments.

Our dataset (Weitefeld) is the first to address search missions in complex forested terrain, such as those
encountered in search-and-rescue (SAR) and manhunt operations. It is both large-scale (with tens of thou-
sands of images and labels) and realistic, having been derived from an actual manhunt. While extensive prior
work—including datasets and studies such as®>-%, as well as datasets produced by programs such as the IARPA
Biometric Recognition and Identification at Altitude and Range (BRIAR) initiative®, supports person identi-
fication and classification for these applications, such methods fail entirely under heavy occlusion caused by
vegetation. In these scenarios, classifiers cannot detect or identify objects represented by only a few, sparsely
visible pixels. Further degradation from motion blur (e.g., due to high flight speeds and low exposure) and other
real-world imaging artifacts exacerbates these limitations. In contrast, anomaly detection remains robust under
such conditions, as it does not rely on explicit target appearance, such as that required in the BRIAR dataset™.
However, it still relies on human intervention to classify detected objects.

Methods

The following subsection summarizes the initial data acquisition and processing steps, the online crowd sourc-
ing, and the subsequent data review, mapping, and ground operations that contributed to our final dataset. The
Ethics Committee of Johannes Kepler University approved the data collection and study (application number:
JKU EC-55-2025). Informed consent for participation and data sharing was obtained directly from participants.

Data Acquisition and Processing. A specialized aerial camera system (MACS) developed by DLR* was
installed in an underwing pod of a Stemme S10 motorized glider for image acquisition (cf. Fig. 3). The system
combines a visible-light (RGB) camera and a thermal infrared module.

The RGB camera employs a 51-megapixel global shutter CMOS sensor with a Bayer color filter array, 4.60 ym
pixel pitch, and 12-bit radiometric resolution, coupled with a fast 50 mm /2.5 lens. The thermal module uses an
industrial microbolometer with a resolution of 1 megapixel, 17 pum pixel pitch, and a 30 mm /1.0 lens.

Images were captured and processed at a constant frame rate of 10 frames per second, ensuring high overlap
and sufficient observation geometries for each ground point, corresponding to a sustained data rate exceeding 6
gigabits per second (Gbps). Higher frame rates, while technically feasible, do not offer any practical advantages
in this scenario. Integrated dual-frequency GNSS (Global Navigation Satellite System) and an industrial-grade
IMU (Inertial Measurement Unit) enable direct georeferencing, with all images stored as raw 16-bit data.
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Fig. 3 The research aircraft (a Stemme S10 motorglider, top-left) was equipped with the Modular Aerial
Camera System (MACS, bottom-left) mounted in one of its underwing pods. This system was used for data
acquisition. The flight plan (right) displays the locations and numbering of the 15 flight strips. GPS coordinates
for Weitefeld: 50.72468°N (latitude), 7.92714°E (longitude).

A flight plan was created considering the prioritized zone of interest by the police (3.5 x 2.0 km). In an alti-
tude of 1000 ft (ca. 300 m) above the highest point and with 20% overlap across the flight direction the entire
area could be mapped with 15 flight lines. The flight strips ran from south to north with an alternating east/
west heading (arrows in Fig. 3), except for two repeated strips, and were extended to both sides to cover also a
part of the low priority regions in one flight. Due to the hilly terrain in the area flown over, the resulting ground
sampling distance (GSD) is between 3 and 5 cm/pixel. The flight was carried out on 27 April 2025, and to mini-
mize shadows of occluders in the forest area, it was scheduled around the maximum solar altitude (11:26 UTC).
The clear weather conditions during the image flight lead to a high radiometric scene contrast in the captured
imagery. In order to focus on the dynamic range in shaded areas, assuming that the person is more likely to be
there, the exposure time was set to a rather high 1.3 ms. The resulting motion blur (ground smear) and a certain
overexposure in bright areas was tolerated.

After the flight the raw images were post-processed as follows:

« Removing images that mainly shown urban areas.

« Correction of dark signal non-uniformity, photo response non-uniformity and a color adjustment using
parameters from a radiometric calibration.

o Reconstruction of full-color RGB images from the raw Bayer-pattern sensor data using the DCB demosaicing
algorithm®.

o Gamma correction with 0.37 (adjusting tonal range by applying a power-law transformation to pixel intensity
values).

o Color saturation was scaled by factor 2 to compensate for image degradation due to the high exposure times.

o Images were reduced to 24-bit color depth (8 bit per color channel) and JPEG-compressed at a rate of 60% (13 MB
typically, while keeping the full geometric resolution of 8,416 x 6,032 pixels) to ensure efficient online crowd
sourcing even with limited network bandwidth.

To guide the online crowd sourcing in such high-resolution images, we generated a binary anomaly mask
for each image using the Reed-Xiaoli (RX) color anomaly detector!, with an anomaly threshold set to 0.985.
The binary mask was then multiplied with the corresponding RGB image to produce a color anomaly mask.
The colors in these masks correspond to the original RGB content. Any remaining visible colors represent the
original pixels. All processing was performed in parallel on 8 high-end PCs and completed in approximately 30
minutes. The resulting 10,659 image pairs (RGB + color anomaly mask) were then used for the online crowd
sourcing.

Online Crowd Sourcing. For the online crowd sourcing, an html-based and a JavaScript-based frontend
(using OpenSeadragon and JSZip) has been developed (cf. Fig. 4). It supports browsing through the images
recorded within the same flight strip using keyboard shortcuts (A/D), or switching to a different flight strip by
entering the unique image identifier (lower left corner). Users can switch between RGB images and anomaly
masks using keyboard shortcuts (W/S), zooming using the mouse wheel and panning using the arrow keys or
left mouse button, brightness (gamma) changes can be done using the keyboard shortcuts (+-/—), point (marker)
labeling can be performed using Ctrl + click and bounding box labeling can be done using Alt + drag to mark
and classify regions of findings. Marked points or bounding boxes can be assigned classes and comments via
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Fig. 4 Image analyzer web-frontend used for online crowd sourcing and subsequent reviews of findings. It
supports browsing image sequences from the same flight strip, toggling between RGB images and anomaly
masks, zooming into specific areas, panning across details, adjusting brightness, and performing point- or
bounding-box labeling, as well as classifying findings and adding comments.

the context menu that appears after marking a finding. Users can also download images and retrieve URLs and
deep-links for both RGB images and anomaly masks using the Download Images and Download Data buttons,
located in the top-right corner of the interface. Keyboard shortcuts and available actions are summarized in the
controls panel shown in the bottom-right corner of the interface, allowing users to efficiently navigate, annotate,
and classify images while maintaining consistency during the annotation process.

By entering a unique identifier (lower left corner), volunteers were forwarded to the first image of their
assigned batch. This identifier has the following encoding: AA BBBBB, where AA is the flight strip number and
BBBBB is the image number. After labeling a finding, this identifier is extended as follows: AA BBBBB CCCC
DDDD if the label is a marker (point), where CCCC DDDD are the x,y pixel coordinates of the label. AA BBBBB
CCCC DDDD EEEE FFFF if the label is a bounding box, where CCCC DDDD are the x,y pixel coordinates of the
lower left corner, and EEEE FFFF are the height and width.

Each volunteer was assigned overlapping batches of 110 consecutive images and instructed to examine them
for anomalies that might suggest the presence of a hidden or deceased person. This included identifying con-
spicuous objects that seemed out of place in a forest environment, as well as potential shelters or hiding spots.
To aid in their assessment, we advised volunteers to toggle between RGB images and anomaly masks, zoom in
on specific areas, pan across details, and adjust brightness as needed for better visibility. Since the images in each
batch were captured sequentially during flight, the gradual shift in perspective could help reveal gaps in vegeta-
tion that a single viewpoint might obscure. Participants were reminded that the precomputed anomaly masks
serve only as a supplementary aid and should not be solely relied upon, as they could produce false positives or
overlook relevant areas. Regions depicting villages could be disregarded. Any findings were to be marked on just
one image, even if they appeared in multiple frames, and volunteers were encouraged to provide a brief subjec-
tive classification alongside each label.

The online crowd sourcing took place from 2:00 PM on April 29th, 2025, until 8:00 AM on May 4th, 2025.
During this period, a total of 405 findings were reported by 160 volunteers (members of the Rhineland-Palatinate
police, students and staff of Johannes Kepler University and the German Aerospace Center, as well as students
of the Berlin University of Technology).

Data Review, Mapping, and Ground Operations. Following the online crowd sourcing, all findings
were reviewed using the web-based frontend (cf. Fig. 4). Bounding box labels were added to cases initially marked
only with point labels. Of the 405 findings, 238 were flagged as relevant, while the remaining 16 —though con-
taining anomalies— were deemed irrelevant to the mission (e.g., cyclists on bike paths, etc.). All findings (catego-
rized, prioritized, and annotated with comments) were then compiled into an interactive online map (cf. Fig. 1).
Findings are represented on the map as clickable pins. Selecting a pin reveals a panel displaying key information:
the finding’s ID, category, volunteer-submitted comments, results from ground checks, and links to Google Maps
and the Image Analyzer. Additionally, a map filter enables users to show only findings of specific categories. This
map assisted police ground operations by providing precise GPS navigation to target locations via mobile devices.
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The ground operation was conducted on May 5th and 7th, 2025, during which police forces inspected all 238
relevant findings. The large-scale operation also required clearing wooded areas to access overgrown zones, as
well as deploying divers and sonar scans to examine small lakes and ponds. The police reports documenting the
on-site findings are included in our dataset.

While the initial crowd sourcing effort labeled the 405 anomalies only in individual images, photogrammetry
was used to project these labels onto every image depicting the same finding (under different perspectives and
occlusion conditions). Techniques applied included bundle block adjustment, triangulation, and collinearity-based
back-projection. The imaging frame rate (10 Hz) caused overlap in strip direction (up to 85 times),
ultimately generating 34,424 distinct anomaly labels across 10,659 perspective images within the priority zone.

Data Records
Our dataset is accessible through multiple sources:

o The core dataset obtained from our crowd sourcing, used for benchmarking, is available for bulk download
at: https://zenodo.org/records/15848419° (approx. 144.1GB). This is the static, peer-reviewed version of the
annotated dataset; any new annotations added after peer review will be made available via the interactive
platform (https://weitefeld.cg.jku.at/). It contains 34,424 labeled and categorized anomalies across 405 find-
ings, captured under different viewing angles and occlusion conditions in 10,659 aerial images taken within
the priority zone.

o The core dataset and the additional 19,795 unlabeled aerial images covering the two non-priority zones are
available for bulk download and online viewing at https://weitefeld.cg.jku.at/(approximately 404 GB). The
interactive web-interface (cf. Fig. 4) also supports adding new labels to extend the core dataset in the future.

o A map overview of the entire dataset is available at https://macs.dlr.de/weitefeld/(cf. Fig. 1).

Downloading the Dataset.  Using the web-interface. ~ Aerial images can be downloaded via the Download
Images button (top-right corner) of the Image Analyzer web-frontend (https://weitefeld.cg.jku.at/). To request
a batch of images, users must specify the first and last image in the batch using the format AA BBBBB, where
AA denotes the flight strip number (cf. Fig. 3) and BBBBB represents the image number (cf. Table 2). Upon
submission, a .zip file containing the requested batch is automatically downloaded. The filenames use the fol-
lowing format: AA_BBBBB_]JJ]JJJJJ_KKKK_RGB.jpg. In this naming convention, AA BBBBB repeats the strip
and image numbers from earlier, JJJJJJJJ] represents a second-precise camera-internal time-stamp, while KKKK
adds microsecond-precision. A typical example would be 8_27015_012318083_1300_RGB.jpg. Note that the full
image dataset has a size of 404.44 GB.

The associated findings data can be downloaded by clicking the Download Data button in the top-right
corner, which provides the findings database (data.txt). Each entry follows this structured format: AA BBBBB
CCCCDDDD G “HHH...HHH” AA BBBBB CCCC DDDD EEEE FFFF “III...III"”, where AA represents the flight
strip number, BBBBB denotes the image number, CCCC DDDD indicates the x,y pixel coordinates of a point
(marker) label, G specifies the class number (0=unknown, 1=shelter,2=object, 3=person), and HHH... HHH
contains the volunteer’s comment. The second part of the entry includes repeated strip and image numbers (AA
BBBBB) followed by CCCC DDDD representing the x,y coordinates of the lower-left corner of a bounding box
label, EEEE FFFF specifying the box’s height and width, and III...III containing the police’s ground operations
comment. A typical example would be 07 23724 7844 0754 1 “Looks like some sort of shelter or roof of something.”
07 23724 7796 0795 0074 0068 “Tarp, tent, self-made, possibly by children, near edge of town, inconspicuous.”.
Missing entries are marked as NA. For instance, an entry without a police comment appears as 06 19341 0515
5798 0 “A blue thing which does not seem as it was created by nature.” 06 19341 0501 5809 0026 0025 NA. An entry
containing only a point label (no bounding box or police comment) would be 07 23343 0285 1701 0 “Looks like
a human-like shape with orange clothing, or wrapped in orange/bright plastic”-1-1-1 -1 -1 -1 “NA”. Note, that we
use -1 and “NA” to indicate integers and strings that are not available.

Using Zenodo.  Aerial images of the priority zone and corresponding findings from the crowd sourcing are
downloadable in 15 zip files and one .txt file (https://zenodo.org/records/15848419)%”. The .zip file names indi-
cate the strip number (e.g., stip7.zip contains aerial images from flight strip 7). The naming convention of the
arial images inside each .zip file is as described above. The file data.txt contains the findings database in the exact
format specified above. Note that this dataset has a size of 144.1 GB.

Viewing the Dataset Online. The image analyzer web-frontend enables direct viewing of aerial images
and associated findings in a web browser. To access specific content, users can copy one of three unique identifier
formats into the text box located in the lower-left corner (see Fig. 4). These identifiers, available in the findings
database (data.txt), follow these patterns: The basic format AA BBBBB displays image number BBBBB from flight
strip AA. For point label visualization, the format extends to AA BBBBB CCCC DDDD, where CCCC DDDD
represents the pixel coordinates within the specified image. The most comprehensive format, AA BBBBB CCCC
DDDD EEEE FFFF, displays a bounding box with its lower-left corner at CCCC DDDD and dimensions of EEEE
(height) by FFFF (width). Example identifiers include 14 57026 for basic image display, 03 09072 4497 0371 for
point label viewing, and 13 47790 6828 4800 0017 0016 for bounding box visualization. For detailed instructions
on navigating the image analyzer web-frontend, please refer to the Online Crowd Sourcing section.
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Strip Image Numbers | #Images Image Numbers | #Images Image Numbers | #Images

Number (West Region) (West Region) (Priority Zone) | (Priority Zone) | (East Region) (East Region) | Total

01 01677 — 02588 1,020 02856 — 03240 | 385 03521 — 03525 | 446 1,851
02748 — 02855 03545 — 03985

02 05968 — 05988 738 05527 — 05967 | 441 04642 — 05311 | 670 1,849
06153 — 06869

03 08077 — 08861 785 09067 — 09582 | 516 09756 — 10387 | 632 1,933

04 12846 — 13493 648 12051 — 12721 | 671 11326 — 11583 | 682 2,001

11602 — 12025
05 15000 — 15715 716 15865 — 16667 | 803 16668 — 16700 | 667 2,186

16701 — 17196
17262 — 17432

06 19963 — 20582 620 19131 — 19838 | 708 18310 — 18614 | 718 2,046
18693 — 19105

07 22362 — 23097 736 23133 — 23885 | 753 23899 — 24385 | 646 2,135
24477 — 24635

08 27551 — 28214 664 26698 — 27482 | 785 25887 — 26129 | 712 2,161
26229 — 26697

09 29664 — 30422 759 30509 — 31279 | 771 31280 — 31757 | 487 2,017
31886 — 31894

10 34510 — 34516 703 33778 — 34509 | 732 33321 — 33777 | 457 1,892

34545 — 34928
34962 — 35273

11 41176 — 41338 817 40407 — 41175 | 769 38666 — 38677 | 506 2,092
41382 — 41611 39913 — 40406
41663 — 42086

12 42973 — 43499 865 44019 — 44854 | 836 44855 — 45321 | 467 2,168

43565 — 43727
43844 — 44018
13 48024 — 48205 722 47264 — 48023 | 760 46811 — 47263 | 453 1,935
48352 — 48444
48513 — 48959
14 57807 — 57956 718 56961 — 57806 | 846 56507 — 56960 | 454 2,018
58165 — 58250
58315 — 58796
15 59901 — 59904 810 60972 — 61854 | 883 61855 — 62331 | 477 2,170
59919 — 59920
59923 — 59933
59936 — 60444
60482 — 60588
60795 — 60971
Total 11,321 10,659 8,474 30,454

Table 2. Image Numbers per Flight Strip (FIRST IMAGE — LAST IMAGE of contentious image segment).

Adding new Findings. To facilitate future expansion of our dataset, the image analyzer web-frontend supports
labeling of new findings. Users can annotate either additional discoveries within already-labeled aerial images of the
priority zone, or in previously unlabeled images from the two non-priority zones. The interface allows creation of
both point (marker) and bounding box labels. After placing a label, users can classify the finding and add comments
using the controls in the top-left corner (cf. Fig. 4). All annotations are subsequently saved to the findings database
(data.txt). Additional guidance for using the image analyzer web-frontend is available in the Online Crowd Sourcing
section. Note, that the core dataset obtained from our crowd sourcing and used for benchmarking, is unchangeable.
The core dataset findings occupy the first 34,424 entries in the findings database. All subsequent entries represent
later additions appended to the database, enabling continuous expansion of the dataset with new user-contributed
labels, which are readily downloadable and could potentially support the development of state-of-the-art algorithms.

Technical Validation

To demonstrate the applicability of our dataset, we conducted a simple benchmarking study to evaluate both
deep-learning-based (Feature Reconstruction Error (FRE)?, FastFlow?®, Efficient AD*) and model-based (i.e.,
non-learning, analytically defined, color-statistics-driven) (Reed-Xiaoli Global (RXG)!, Reed-Xiaoli Modified
(RXM)®, principal component analysis (PCA)®) color anomaly detectors. Each detector produces an anomaly
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Fig. 5 A comparison of common deep-learning-based (FIRE, FastFlow, EfficientAD) and model-based (RX-G,
RX-M, PCA) color anomaly detectors, evaluated in terms of average precision (top) and average detection rate
(bottom) across a range of anomaly thresholds ¢ (x-axis).

score for every pixel or region, which is compared against a predefined anomaly threshold (f € [0, 1]) to classify
pixels or regions as anomalous. The optimal threshold depends on the specific image content, so to make the
evaluation independent of a particular threshold choice, we assess performance across a wide range of threshold
values. By sweeping a range of ¢, we generated binary anomaly masks for each detector and threshold, subse-
quently comparing these against the annotated findings in our dataset. We assessed performance using two
key metrics: Average precision, defined as the ratio of true positives (the number of abnormal pixels correctly
identified within the bounding boxes) to the sum of true positives and false positives (the total number of pixels
flagged as abnormal), averaged across all images. Average detection rate, calculated as the proportion of cases
where at least one abnormal pixel was detected within the bounding box of a finding, relative to the total number
of findings.

For the deep-learning-based detectors, we employed the pre-trained models without fine-tuning. To main-
tain computational efficiency, we restricted our analysis to the images where findings were originally labeled by
volunteers, omitting backprojections. The overall results of this evaluation are summarized in Fig. 5. We also
benchmarked the detectors for individual classes (i.e., persons, objects, shelters, and unknown). These results are
presented in Figs. 6 and 7. All findings, their associated bounding box annotations and classifications underwent
rigorous manual verification before benchmarking to ensure label and class accuracy as far as possible.

Overall, we observe that model-based color anomaly detectors tend to achieve low precision at high
detection rates, whereas deep-learning-based approaches exhibit the opposite behavior. The former is
caused by a high number of detected anomalous pixels per image (with numerous false positives), while
the latter results in sparser detections (with many false negatives). We believe that this discrepancy arises
because deep-learning-based models are pre-trained on ImageNet data, which contains significantly differ-
ent feature representations and statistical distributions compared to our occluded anomalies. In contrast,
model-based approaches rely solely on color-space statistics without accounting for higher-level image
features at all.

For both types, we observe that as the anomaly threshold increases, precision decreases while the detection
rate rises (this holds even when comparing methods within individual classes, as shown in Figs. 6 and 7). A
lower anomaly threshold results in more detected anomalies (both true and false). However, since false anoma-
lies tend to occur across entire images —unlike true anomalies, which are confined to relatively small bounding
boxes- their number is significantly higher. Consequently, larger objects (e.g., shelters) generally yield higher
precision values than smaller ones (see Figs. 6 and 7).

SCIENTIFIC DATA|

(2026) 13:747 | https://doi.org/10.1038/s41597-026-07101-w 9


https://doi.org/10.1038/s41597-026-07101-w

ure.com/scientificdata/

FRE FRE
01 025
c @
S 008 & 02
ke c
S 0.06 5 015
=3 k=]
& 000 munknown % o1 w unknown
£ o002 m shelter 3 405 | wshelter
g o
LS . L mobject g o A W A A N RN R R RN RN Il b I sobjec
]
> O PP PP P DD DD DD DD DD > @ = z P PP PP PP DD PRSP DD DD D P s
S q‘z%@qq@qg@q@q@%qngquq%qqqqqq qqqgggg)%qqqqq%qq%q% N u person s g@q@g@g@q@q@@@g@@%qq&qo’qg @q@q@q@q@oﬁq s # person
@Q*@u%’»xe%%«b%@’bx@o FFEFFF s 0%@%6%6"5’\/ Q§
anomaly threshold anomaly threshold
Fast Flow Fast Flow
014 035
5012 g o3
s —
2 01 -‘2 -‘ I € oas 1 1
g oos [ $ o F 4141 I
& (o6 Il TN i ] munknown Bous [T \ [ | I munknown
%004 I'H HEHHHHHH nne g JJ[]J ﬂJHB\\
I o.oz ‘ 1 1 1 HHtHH 1 it m shelter : | | 1 | lJ lE m shelter
g o, Fhl fif ff it B ff bt B HAHL |
R P P8 A R A — = |. | I.M |.w L IR IGEIGE |||l Ii T et Tl moblec
0 o
O DD DD DD DD O DD P DD D ; 5 PP PP P PP PP PSP PP PP PP PP m
@q& °’q°) @& ng, qo)% q%g q"’o’q qu, n“o’% qoﬁ @qq qqo) w& ng q‘”q% @& q@o’ q& n“g & mperet ° q& ‘a&% @qq ao)% wo’qq&q&q @QQ q‘*o)q w&qq& ‘z%q 9& qo’q qg%qq%g ‘b& q& %‘30’ S
& 9«‘)@ FFFFF L L L FE LS FFFFFF S P LE P LSS
anomaly threshold anomaly threshold
Efficient AD Efficient AD
22
< 0 206
s 2 o
S 0014 ]
S 0.012 05
8 001 $ 04
S 0.008 munknown S 03 munknown
& 0.006 £
£ 0.004 | | I shelter 3 g-i mshelter
3 0.002 | I | | ’ & 0
& 1 aoes % il ikl ol i e o e
0 [
S
> o @ . H o > P D DD E  m
s PSP L PP PSP PSP PP = person L. R . O . L . L. R . L N #person
o5 QO?' qq gq“ (,9 o,o: g@ qt»" %q"‘ @9‘3 %“ q@ 0,09 q& 9‘3 q“ o P 09 © ey qq"‘ q% Qo) > 5 @“ o;z @q QO?' @ q%“ %q"‘ go) Qo)‘” Q«»“ qq“ @"* s © P
"b 4 b q,'» % % ’\ Q) bl "; q’\, %b& Q
& ? g
anomalythreshold anomaly threshold
Fig. 6 Performance of deep-learning-based color anomaly detectors (FRE, FastFlow, EfficientAD) over
each class (unknown, shelter, object, person). Anomaly threshold vs. average precision (left) and vs. average
detection rate (right).
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Fig. 7 Performance of model-based color anomaly detectors (RXG,RXM,PCA) over each class (unknown,
shelter, object, person). Anomaly threshold vs. average precision (left) and vs. average detection rate (right).

Our experiments reveal that existing color anomaly detectors perform poorly on our dataset -both in
comparison to human observers and under occlusion conditions. Deep-learning-based methods achieve pre-
cisions of below 3.5% (or just over 10% for individual classes) and detection rates under 30%. Model-based
approaches reach near 100% detection rates but suffer from extremely low precision (<0.75%). Unlike our
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human volunteers, these methods rely solely on local image regions or individual pixels, lacking broader contex-
tual awareness. Anomalies detected in small regions may lose significance if they appear frequently at a global
scale. These results highlight the urgent need for advancements in context-aware anomaly detection to ensure
reliable performance in complex forested environments for search missions.

It is important to note that our benchmarking study is designed solely to demonstrate the applicability of our
dataset, not to evaluate the performance of individual detectors in depth. In particular, the deep-learning-based
detectors could likely achieve better results if fine-tuned specifically for forested terrain.

We also evaluated automated object classification as an alternative to anomaly detection. Using our dataset,
we divided the labeled samples into training, validation, and test sets and trained YOLOV12%, a state-of-the-art
classifier commonly employed in search-and-rescue missions, to detect anomalies across our four categories:
persons, shelters, objects, and unknown. However, object classification completely failed with extremely low
confidence scores in this experiment (0.016% on average with a maximum of 2.6%). The reason for this was
already discussed in previous works®#*: Occlusion of dense vegetation obscures critical clues - many of which
occupied only a few pixels. Under such conditions, even deep neural networks struggled to generalize and auto-
mated object classification remains unrealistic.

Usage Notes

Limitations of our dataset include the following: 1). Anomalies are annotated using bounding boxes, as more

precise segmentation masks are challenging to obtain due to partial occlusion by vegetation. 2). The findings

rely on human volunteers, introducing a degree of subjectivity in labeling. 3). The dataset consists exclusively

of aerial images captured under clear skies to maximize light reflections from densely occluded forest floors.
Note that to save new findings to the dataset, a password is required, which can be obtained from the corre-

sponding author.

Data availability

The dataset generated in this study are publicly available. The core labeled benchmark dataset is hosted on Zenodo
(https://zenodo.org/records/15848419)%7, while the complete dataset, including additional unlabeled imagery and
an interactive annotation interface, is accessible at https://weitefeld.cg.jku.at/. A map-based overview of the entire
dataset is provided at https://macs.dlr.de/weitefeld/.

Code availability
The code for our image pre-processing and benchmark study is available at: https://zenodo.org/
records/15848419".
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