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Abstract: The Amazon rainforest, the most biodiverse biome on Earth, represents a critical natural
laboratory for studying species interactions, ecosystem functioning, and vulnerability to climate
change. High-quality datasets are crucial for advancing a detailed understanding of this complex
biome; however, open-access uncrewed aerial system (UAS) datasets for this region remain
notably scarce. Here, we present UAS-derived high-resolution products that seamlessly cover over
700 hectares of the upper and hyperdiverse Amazon. To the best of our knowledge, this is the first
large-scale, comprehensive, open, and seamless UAS dataset of the Amazon, integrating
multispectral imagery and lidar (light detection and ranging) data collected during a single mission,
ensuring temporal consistency. The dataset provides complementary spectral and structural
information from the Tiputini Biodiversity Station, one of the regions with the highest tree species
richness per unit area on Earth. This resource supports diverse applications such as biodiversity
and forest-structure analyses and establishes a methodological reference for future large-scale
UAS research in the Amazon.

Background & Summary

The Amazon rainforest is the most biodiverse ecosystem on Earth, supporting unparalleled species
richness and playing a central role in global ecological and climatic processes. Despite covering
only about 1% of Earth’s surface, Amazonia is home to an estimated 10% of all known species’,
earning it the title of the “world’s richest repository of life.” Its biodiversity (including countless
trees, plants, insects, birds, mammals, and amphibians that form complex food webs and ecological
interactions) underpins essential ecosystem services such as carbon storage, hydrological
regulation, and climate stabilization, which are vital at both regional (for indigenous cultures and
local communities) and global scales. Given its ecological significance, research in the Amazon
has predominantly centered on understanding biodiversity patterns®, quantifying carbon stocks?,
and monitoring forest structure and dynamics* in the context of climate change and increasing
anthropogenic pressures.



The Amazon forest spans over 5.5 million square kilometers, covering a significant part of the
South American continent. Monitoring its biodiversity is a daunting task due to its vast extent,
dense canopy, and limited accessibility, while large-scale field-based surveys are logistically
infeasible. As a result, remotely sensed data have been widely employed, particularly satellite
imagery that covers large areas at moderate spatial resolution. A wide range of sensors, including
multi-spectral®”’, light detection and ranging (lidar)®°, and synthetic aperture radar (SAR)'*!!, have
been used to characterize this data-scarce region. Typically, the Amazon forest has been monitored
by public organizations or government agencies. The Brazilian National Institute for Space
Research (INPE) launched the Program for Calculating Deforestation in the Amazon (PRODES)
and the Real-Time Deforestation Detection System (DETER)®’. The Global Ecosystem Dynamics
Investigation (GEDI) mission by NASA has provided over 7 billion full-waveform lidar
measurements, creating unprecedented datasets for forest structure analysis that strongly correlate
with patterns of species diversity!>!3. Additionally, SAR has been commonly used to monitor land-
use change, forest degradation, and regrowth in the Amazon'*!’. Because SAR signals can
penetrate dense canopies and are sensitive to woody components, key indicators of forest biomass
(i.e., trunks and branches), SAR represents a valuable data source for biomass estimation in closed-
canopy forests such as the Amazon, as further highlighted by the BIOMASS mission led by the
European Space Agency (ESA)'®. These satellite-based studies have provided critical insights into
large-scale changes in forest cover, biomass dynamics, and climatic feedbacks. However, their
relatively coarse resolution constrains the ability to capture the Amazon’s structurally complex
and ecologically diverse landscapes, prompting continued calls for higher-resolution data. A
promising resource in this regard was Planet’s Norway International Climate and Forests Initiative
(NICFI) program, which provided free access to tropical multispectral satellite mosaics (red, green,
blue, and near-infrared) at a spatial resolution of 4.7 m from September 2020 to January 2025'7,
demonstrating the value of publicly available high-resolution remote sensing data for complex
rainforest monitoring?®-%>,

In the meantime, airborne platforms equipped with various sensors have been extensively
adopted to provide finer spatial detail?®?®. More recently, advances in uncrewed aerial systems
(UAS) have demonstrated their value in efficiently surveying remote and inaccessible parts of the
Amazon, offering spatial resolutions far beyond those of satellites and traditional airborne
systems?**3. However, UAS data are inherently constrained in coverage, making spatially
continuous monitoring across the Amazon basin infeasible. Consequently, most UAS-based
studies in Amazonian forests have focused on relatively small, localized areas (typically a few to
several tens of hectares), with large-scale applications remaining rare. Although such research has
demonstrated the utility of UAS, study areas spanning only tens of hectares are often insufficient
to represent the multiple habitat types that define Amazonian ecosystems**3®. As a result,
biodiversity studies based on such spatially limited data can fail to capture the heterogeneity and
sub-environmental gradients characteristic of the Amazon. Addressing this limitation requires
efforts to acquire seamless UAS datasets covering larger areas, thereby supporting a broader range



of studies in the Amazon, including fine-scale assessments of ecological transitions at habitat
boundaries.

Most high-quality datasets collected in the Amazon have not been made publicly available
and are often accessible only through derived products presented within publications, while raw
data (e.g., orthomosaics, point clouds) remain extremely limited. To the best of our knowledge,
only a few datasets are openly available (specifically, two*"3%). This restricted accessibility is
largely due to the substantial data volumes involved, the sensitivity of surveyed locations, and
restrictions on access to protected areas. Yet, as demonstrated by the uptake of other openly
available satellite data, such as NICFI imagery, open access to high-quality UAS raw datasets
could facilitate a broad range of downstream applications.

Therefore, in this study, we collected high-quality UAS data over the Amazon rainforest,
specifically at the Tiputini Biodiversity Station (TBS) in the Ecuadorian Amazon, which is
recognized as one of the most biodiverse regions on Earth. We openly released both the raw data
and derivative data products (i.e., orthomosaics; point clouds; digital elevation models, DEMs;
and a canopy height model, CHM) in an efficient and accessible format. Our dataset represents an
exceptional resource for Amazon in the following aspects:

1. Comprehensive information: Two different sensors (multispectral and lidar) were deployed
during the same campaign, enabling both spectral and structural information to be obtained
within a short temporal window (up to three days).

2. Spatial detail: The dataset comprises seven-band multispectral orthomosaics with a spatial
resolution of 5 cm and point clouds with more than 300 points per square meter, along with
their derivative products.

3. Spatial coverage: The dataset seamlessly covers an area of more than 700 ha, encompassing
multiple habitat types.

This study describes the details of this exceptional UAS dataset, including data quality, and
documents the methodology used to generate seamless, large-area data products. The dataset
provides a valuable resource for biodiversity monitoring, carbon and biomass estimation, and
structural and compositional analyses, while also serving as a reference for future large-scale UAS
campaigns in tropical forest ecosystems.

Methods
Site description

The TBS is a remote research facility located within the Yasuni Biosphere Reserve, in a minimally
disturbed primary rainforest of the Ecuadorian Amazon (0°38’ S, 76°09" W, at a mean elevation
of approximately 230 m above sea level), accessible only by boat along the Tiputini River (Figure
1). The TBS’s climate is perhumid tropical with a mean annual precipitation of 3,100 mm/year®.
The yearly mean temperature is approximately 27 °C, with a stable annual variation. The TBS is
located in an area with the highest recorded tree species richness per hectare on Earth®,
encompassing terra firme and white-water-inundated forests, palm swamps and other wetlands, as



well as natural succession areas*. Its isolation, biological richness, and well-established
infrastructure (e.g., two observation towers, about 40 km of well-marked trails, laboratories, and
geo-referenced research plots, including two 100 ha units with a 100 m grid system) make it a
premier site for scientific investigation and environmental data collection in tropical ecosystems,
such as long-term ecological research, biodiversity monitoring, and conservation studies.
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Figure 1. (a) Amazonia region*! (red line); (b) Ecuador (dashed line) with the Tiputini Biodiversity
Station (TBS); (c¢) TBS main research facilities; and (d) TBS region divided into five subregions
for uncrewed aerial system (UAS) missions.

Since its establishment, valuable ecological studies have been conducted through repeated
field surveys in the region®!43-%8, However, no high-resolution dataset has been available to provide
wall-to-wall spatial information for this large-scale research facility. Although time-series analyses
using medium-resolution satellite data such as Landsat and Sentinel are feasible, their coarse
spatial resolution limits the ability to investigate this region’s rich biodiversity beyond broad



regional patterns. Structural information, such as CHMs, is even more constrained. Despite the
increasing use of GEDI Level 2A relative height products (with a spatial resolution of
approximately 25 m), high-quality data remain scarce—only 110 footprints have a ‘quality_flag’
of 1, indicating higher scientific reliability**—thereby constraining their broader applicability
across research fields, particularly for wall-to-wall analyses. Accordingly, this study collected a
high-quality, comprehensive UAS dataset covering approximately 7 km?2 of this intact tropical
forest.

As illustrated in Figure 1(d), the study area encompasses the primary research
infrastructure at TBS. The site spans 712 ha, with a maximum length of 7.5 km (west to east) and
a width of 2.8 km (north to south). Due to the extensive size of the study area, which could not be
fully surveyed in a single day or from a single base location, the region was divided into five
subregions for UAS surveys. Areas spanning approximately 200 m along both banks of the
Tiputini River in the southern portion of each region are classified as seasonally inundated forest.
The northern regions of Subregions 1, 3, and 4 are characterized as terra firme forest, while the
northern region of Subregion 2 includes areas of swamp forest. These three ecosystems represent
the dominant forest types across the Amazon biome.

UAS equipment and sensors

Two UAS with different sensors (multispectral camera and lidar) were used to collect
comprehensive, high-quality UAS data for the study site. Multispectral images were collected
using a quadcopter DJI Mavic 3 Multispectral edition. It consists of two different cameras, RGB
and multispectral. The RGB camera is a 20 MP sensor with 4/3” CMOS, a 24 mm equivalent,
adjustable aperture lens (f/2.8 to f/11), and a mechanical shutter allowing a shutter speed of up to
1/2000 seconds. The multispectral camera includes four 5 MP bands with 1/2.8 CMOS: Green
(560 £ 16 nm), Red (650+ 16 nm), Red Edge (730+16nm), and Near-Infrared (NIR;
860 + 26 nm). Different vegetation indices, such as NDVI (normalized difference vegetation
index), NDRE (normalized difference red edge), GNDVI (green normalized difference vegetation
index), and SAVI (soil adjusted vegetation index), can be derived from the four multispectral bands,
thereby effectively supporting different vegetation and/or tree-based applications, such as forest
canopy health analysis and crop mapping and prescription.

The 3D point cloud was collected using a DJI Zenmuse L2 sensor mounted on a quadcopter
DIJI Matrice 350RTK (real-time kinematic) platform. The DJI Zenmuse L2 sensor integrates a
high-precision IMU and an additional RGB mapping camera. The lidar supports recording up to 5
returns, which allows detailed canopy penetration capability, and delivers centimeter-level
geolocation accuracy (vertical 4cm, horizontal Scm at 150m). The additional RGB sensor is a 20
MP sensor with 4/3 CMOS, which enables the capture of RGB color information and thereby
generates RGB-colored point clouds. Both UASs can be associated with the DJI D-RTK 2 Mobile
Station, which supports multiple GNSS (Global Navigation Satellite System) constellations,
including GPS, GLONASS, BeiDou, and Galileo, ensuring fast initialization and robust correction
signals even in challenging environments.



UAS data acquisition

Due to the extensive size of the study area, the region was divided into five subregions for UAS
surveys conducted over four days, as shown in Figure 1(d). Each subregion overlaps with its
neighboring ones and has a single base location, where both the DJI D-RTK 2 Mobile Station was
set up and both UAS took off (Subregions 3 and 4 shared the same base station). The details of
UAS missions for each subregion are provided in Table 1. The flight configuration, as summarized
in Table 2, was consistent across the flight missions. To maximize the capture of under-canopy
structures, like understory and tree trunks, the lidar was operated in non-repetitive scanning mode,
recording up to five returns per pulse>’. To minimize environmental variability, such as variations
in water levels and atmospheric conditions, and ensure high consistency among the collected data,
UAS missions were conducted under sunny or partly cloudy conditions, which meant there was
no significant precipitation throughout the data collection.

Table 1. Information on UAS missions for each subregion

Sub- | Area Multispectral Lidar
region | (km?) Date Flight Time # Images Date Flight Time
1 1.19 | 2024/06/09 45m 04s 1,348 2024/06/09 30m 30s
2 1.78 2024/06/09 1h 06m 31s 1,990 2024/06/09 41m 58s
3 1.73 2024/06/10 1h 04m 52s 1,940 2024/06/08 40m Ols
4 2.14 2024/06/11 1h 18m 42s 2,354 2024/06/08 48m 43s
5 1.49 | 2024/06/10 58m 08s 1,739 2024/06/10 38m 23s

Table 2. Flight configuration of UAS missions. The forward overlap for the lidar is only related to
the additional RGB camera of the DJI Zenmuse L2 sensor. AGL and GSD indicate above ground
level and ground sampling distance, respectively. For the AGL mode, the ASTER GDEM version
3! was used in the mission planning procedure.

Multispectral Lidar
Altitude (m) 150 150
Flight Speed (m/s) 13.4 15
Forward Overlap (%) 80 70 (RGB)
Side Overlap (%) 80 61 (RGB) /50 (lidar)
Altitude Mode AGL AGL
Return Mode - Penta Return
Scanning Mode - Non-repetitive
Sampling Rate (kHz) - 240
Expected GSD (cm/pixel) 6.92 (multispectral camera) 4.03 (RGB camera)
Expected Purse Density (purse/m?) - 122

As the study site is located deep within the Amazon rainforest, no ‘known point’ for RTK GPS
(global positioning system) mode was available, and there was also no access to an RTK correction



source, such as NTRIP (Networked Transport of RTCM via Internet Protocol). Alternatively, a
single averaged coordinate determined by the DJI D-RTK 2 Mobile Station was used as the known
point (base station) to operate the UAS in RTK mode under these dense forest conditions. The base
station was installed in relatively open areas, such as sand dunes or a wooden deck along the
riverside. To reduce the duration of signal blackout between the base station and the UAS (rover)
during flight missions, the flight paths were planned so that each strip included as many portions
as possible close to the base station, maximizing the time spent within a stronger signal range.
Consequently, the flight paths were oriented north—south in Subregion 4 and east—west in the other
subregions for both UAS platforms.

The expected absolute geolocation accuracy of the single average mode is approximately £1.5
m horizontal and +3 m vertical®?, which was considerably coarser than the expected GSD (ground
sampling distance); in contrast, the relative positioning accuracy between the base station and the
UAS is still expected to be fairly high. GCPs (ground control points) could be useful in UAS-based
surveying with high-precision georeferencing. However, since the study site is too broad and
inaccessible to evenly distribute GCPs across the entire region, and it was expected to be nearly
impossible to clearly observe the GCPs from the collected UAS raw image due to the dense
vegetation, this study could not use GCPs. Consequently, the collected UAS data inevitably
contained absolute positioning errors, thereby resulting in geospatial misalignments or shifts
between neighboring subregions. To improve the geo-locational accuracy and spatial consistency
of the collected UAS data, this study employed two additional processing steps, PPK (post-
processed kinematics) for raw images and image registrations between regions, as presented in the
following section.

Data processing
Post-processed kinematic (PPK)

PPK is a GNSS correction method that significantly improves geolocation accuracy, often to
within a few centimeters. To apply PPK correction, a base station (i.e., a stationary GNSS receiver)
is first established at a known position. During the survey, both the base station and the rover (e.g.,
a UAS) simultaneously record raw GNSS satellite signals. After the survey, the rover’s data is
post-processed against the base station’s data to compute precise positions for each measurement
(e.g., image capture), correcting for potential satellite and atmospheric errors. Because PPK
performs corrections after the mission, it is more robust in environments with limited connectivity
and does not require a real-time radio or internet link, unlike RTK correction. It also reduces
reliance on GCPs, making it a practical and reliable solution for achieving accurate geolocation in
remote, densely forested regions such as the Amazon.

As described in earlier sections, the study site was divided into five subregions for the UAS
data acquisition. A base station was installed at four different unknown locations during UAS
missions with RTK mode and logged satellite data for 2 to 3 hours at each site (Figure 1(d)). We
used the IBGE-PPP service to determine the base station’s coordinates after UAS missions. IBGE-



PPP is a free online service for post-processing GNSS data provided by the Instituto Brasileiro de
Geografia e Estatistica (Brazilian Institute of Geography and Statistics, https://www.ibge.gov.br/).
It uses the CSRS-PPP (GPS Precise Point Positioning) program developed by NRCan (Geodetic
Survey Division of Natural Resources of Canada). The IBGE-PPP processes GNSS data (GPS and
GLONASS) that were collected by single- or dual-frequency receivers in static or kinematic mode.
Since our study site is outside of Brazil, the IBGE-PPP service calculated the solution using the
‘FINAL’ orbit type, which is available 12-20 days after the end of the survey with an accuracy of
up to 2.5 cm.

Subsequently, the exterior orientations (including 3D coordinates) of each raw
multispectral image were computed using the REDtoolbox software (REDcatch GmbH, Innsbruck,
Austria, v.3.3.0) with PPK correction. The base station coordinates obtained from IBGE-PPP were
used as the known positions for PPK processing. Raw satellite data from both the base station and
the rover were post-processed, and the corrected image’s exterior orientations were extracted for
further multispectral data processing. As shown in Table 3, 45.8% of the total 10,244 image capture
locations were successfully corrected (fixed), while the remainder could not be solved with
comparable precision (float), likely due to subregional variation and environmental interference
near the base stations. The corrected coordinates of the base stations were used for PPK processing
to update the locations of UAS images. Most of the image locations were fixed conditions in the
western Subregions 1 and 2, but there are more ‘float’ or ‘single’ conditions in the eastern
Subregions 4 and 5. Most images on the west side had fixed coordinates with small errors (< 3
cm), but fewer images in Subregions 3, 4, and 5 were successfully corrected. In Subregions 1 and
2, the base station was set up on a sand dune right next to the river with more open sky. The
surroundings of the base station had a significant impact on PPK processing. The error amount for
each image location was also input into Agisoft Metashape, allowing the software to update the
external orientations used for the simultaneous processing of the five subregion datasets to
generate seamless multispectral orthomosaic images.

Table 3. Number of total raw images, successfully corrected (fix), and not corrected (float) images.
* includes one single point

Subregion # Total images # Fixed images # Float image
1 1,354 1,351 3
2 1,993 1,992 1
3 2,763 872 1,891
4 2,390 149 *2,241
5 1,744 329 1,415
Total 10,244 4,693 5,551

Multispectral data



Since the raw multispectral UAS data consisted of a series of continuous individual images, a
photogrammetry process was required to generate meaningful geospatial data products, including
3D point clouds, digital surface models (DSMs), and orthomosaics (i.e., orthorectified mosaic
images). Photogrammetric reconstruction was performed by the Structure from Motion (SfM)
algorithm using Agisoft Metashape Professional (Agisoft LLC, St. Petersburg, Russia, v.2.1.0).
Although the RGB camera of the multispectral UAS captures higher-resolution images than its
multispectral counterpart, the multispectral data provided sufficient spatial resolution for the
purposes of this study (the expected GSD of orthomosaics for the multispectral camera is about 7
cm/pixel at the altitude of 150 m, as presented in Table 2); therefore, an RGB orthomosaic was not
separately generated. The SfM processing workflow followed the typical photogrammetric
procedures outlined in the official user manual® with two additional steps: camera alignment
optimization and radiometric calibration. Parameters used for the initial multispectral data
processing are summarized in Table 4. Notably, to improve georeferencing accuracy, the adjusted
image locations (X, Y, and Z; longitude, latitude, and height), which were derived from the PPK
processing, for the individual raw images were used instead of the initial estimates embedded in
the images’ metadata. Additionally, since the multispectral UAS is equipped with a sunlight sensor
that captures solar irradiance during data acquisition, radiometric calibration was performed using
the recorded irradiance data in each image file. As a result, the final multispectral orthomosaics
represent reflectance values suitable for spectral analysis-based research.

Table 4. Photogrammetry parameters in Agisoft Metashape Professional.

1. Align photos Accuracy High
Generic preselection Enabled
Reference preselection Enabled (Source)
Key point limit 40,000
Tie point limit 4,000
Apply masks to None
Exclude stationary tie points Enabled
Guided image matching Disabled
Adaptive camera model fitting  Enabled

2. Optimize Camera Selected components to Focal length (f)

Alignment

optimize

Principal point (cx, cy)

Lens radial distortion (k/, k2, k3)

Tangential distortion (p/, p2)

3. Build Point Cloud Quality High
Depth filtering Mild
Calculate point colors Enabled
Calculate point confidence Enabled

4. Build Digital Source data Point cloud

Elevation Model (DEM) Interpolation Enabled

5. Build Orthomosaic Surface DEM
Blending mode Mosaic




Refine seamlines Disabled
Hole filling Enabled
Ghosting filter Disabled

As this study focused on providing geometrically and radiometrically continuous maps for
the TBS region, all the raw multispectral data of the five subregions were processed simultaneously
via a single photogrammetry pipeline. Given the computational demands of processing large-scale
multispectral datasets (over ten thousand images), we implemented a private high-performance
computing (HPC) cluster composed of five local GPU (GeForce RTX 4090) workstations
connected with 10 Gigabit Ethernet. The parallel processing pipeline automatically distributed
processing tasks across nodes by running the Agisoft Metashape in network mode. This distributed
setup allowed the raw data collected during separate UAS missions across the five subregions to
be seamlessly mosaiced, resulting in a continuous orthoimage covering the entire 712-hectare
study area.

Lidar data

The collected lidar data were reconstructed into 3D point cloud data using DJI Terra software (DJI,
Shenzhen, China, v. 4.4.0). The corrected coordinates of each base station by IBGE-PPP were used
instead of the initially recorded ones to improve the 3D point cloud’s absolute geolocation accuracy.
The reconstruction parameters were set as in Table 5 to increase the point density and the overall
consistency and accuracy of the output point cloud**. Ground points were classified during
reconstruction, and a 50-centimeter digital terrain model (DTM) was also generated. The heights
of the point clouds were normalized by subtracting the DTMs to be heights above ground using
pdal filters.hag dem>, and, finally, the 25-centimeter CHM for each subregion was produced.
Considering the presence of random noise, canopy height was defined as the 98th percentile of
normalized lidar point heights within each pixel, consistent with previous studies®®>’.

Table 5. Reconstruction parameters of DJI Terra

Point Cloud Density By percentage (100 %)
Point Cloud Effective Distance Range 3-300m
Optimized Point Cloud Accuracy Enabled
Ground Type Gentle slope
Grognd Building Max Diagonal 20m
Point :
. Iteration Angle 6 degrees
Classi- - .
fication Iteration Distance 0.5m
DEM GSD 0.5m

Unlike the multispectral data, the lidar data was processed by each UAS mission due to the
extremely large data volume and the lack of supportable computational resources, resulting in
separate geospatial products for each subregion. To generate seamless lidar-derived data products,
including 3D point cloud, DTM, and CHM, across the entire study region (comparable to the



multispectral data products), it is necessary to merge the lidar data products from all five
subregions.

Although the positions of base stations corrected by the IBGE-PPP service were used
during 3D point cloud reconstruction in the Terra software, misalignments between adjacent
subregions were observed, likely due to intermittent signal degradation caused by canopy
interference, weak GNSS reception in the dense rainforest environment, and uncertainty of
geolocation positioning in GNSS system. Therefore, point cloud registration was conducted to
minimize these misalignments and ensure geometric consistency prior to merging. Since the
structural complexity and visual homogeneity of the rainforest landscape made manual selection
of corresponding features between subregions nearly impossible, we implemented an automated
registration approach. A standard solution involves registering the original 3D point clouds.
However, achieving precise registration requires an iterative approach, and conventional point
cloud registration methods (e.g., iterative closest point; ICP>®) demand significant computational
time and high-performance computing resources, especially for large areas with high point density,
such as the dataset used in this study. Therefore, instead of registering the original point clouds
directly, in this study, the amounts of spatial misalignments were estimated by using raster data
(DTMs and CHMs) derived from the point clouds.

As the relative absolute positioning accuracy is substantially precise, the misalignments
among adjacent lidar data products can be assumed as simple constant shifts in all three directions—
horizontal (east-to-west and north-to-south) and vertical-without changes in rotation or scale. The
horizontal shifts were estimated first by measuring the similarity in the overlapped areas between
neighboring CHMs, given that CHMs represent normalized heights from the ground and are thus
independent of vertical positioning errors.

Mutual Information®® (MI) was selected as the similarity metric (as defined in equation (1)),
as it is known to be robust to noise®’. MI is an area-based approach and thus requires a defined
spatial extent (i.e., window). To reduce computational cost, we did not evaluate the similarity of
all possible windows across the entire overlapping area. Instead, the MI was computed for a set of
randomly selected windows of size 20 x 20 m. To ensure even spatial distribution of the windows,
the overlap area was divided into 50 x 50 m grids, and a single window was randomly placed
within each grid. The similarity between two adjacent CHMs was then iteratively calculated by
gradually shifting one CHM (the reference image) in the horizontal direction. The shift that yielded
the maximum similarity was assumed to represent the horizontal misalignment between the two
adjacent subregions. The final horizontal shifts were determined as the mode (most frequent value)
of all estimates from the randomly selected windows.

_ _ pas(a, b)
MI(4,B) = ) > pas(a,b)-log (m) (1)

a€A beB
where 4 and B denote two adjacent CHMs. py5(a, b) is the joint probability of height values

between 4 and B, and p,(a) and p, (b) are their marginal probabilities.

The vertical shifts were estimated using the DTMs, considering that the canopy heights are
less stable than the ground heights. Once the horizontal shifts were determined, the DTMs were



horizontally aligned accordingly. Vertical shifts were then calculated using a histogram-based
method® applied to the horizontally aligned DTMs. In contrast to horizontal shift estimation,
which was conducted only for the randomly selected areas, vertical shifts were estimated using the
entire overlapping area, as ground heights are more stable and less affected by noise.

Since the PPK correction results for Subregion 2 were stable compared to the other
subregions (Table 3), we designed Subregion 2 as the reference and sequentially aligned the point
cloud data of the remaining four subregions to this reference. Table 6 summarizes the estimated
positional shifts relative to Subregion 2. Despite the applied PPK corrections for GNSS
coordinates, around 1 meter positioning errors remained in this remote and inaccessible rainforest.
These findings highlight the necessity of additional registration steps, as described in this section,
to produce seamless maps across the broader region.

Table 6. Estimated shifts according to the reference Subregion 2 (unit: meter).

Subregion 1 3 4 5
East Mode - 0.75 1.00 1.25 -0.75
Standard Deviation 0.73 0.66 0.76 1.29
North Mode - -0.25 0.25 0.00 0.88
Standard Deviation 0.69 0.65 0.64 0.87
Vertical 0.65 1.75 -0.70 3.05

Finally, using the estimated shifts, the point clouds of individual subregions were spatially
aligned and merged into a seamless point cloud covering the TBS region. From this merged LiDAR
dataset, we regenerated the DTM and CHM for the entire region using PDAL writers.raster and
filters.hag dem, rather than simply mosaicking the existing subregional products. The DSM was
likewise generated from the merged point cloud, based on the 98" percentile of point heights within
each pixel, consistent with the CHM definition. Figure 2 illustrates the registration results,
comparing LiDAR products before and after alignment and highlighting the effectiveness and
necessity of the registration step.



Figure 2. Lidar registration results. (a, b) Cross-sections along the West—East axis before and after
registration, respectively; (¢, d) Cross-sections along the North—South axis before and after
registration, respectively. Each panel shows a 200 m transect.

Data Records

Table 7 summarizes the UAS data products processed and published in this study. All data except
for the raw UAS data (i.e., initially collected data) are provided in the WGS 84 / UTM Zone 18S
coordinate system (EPSG:32718), which is consistent with the coordinate reference system
commonly used in publicly available satellite datasets for monitoring the Amazon forest. Given



the substantial size of the data products, this study adopts cloud-optimized formats — Cloud
Optimized GeoTIFF (COG, .tif) and Cloud Optimized Point Cloud (COPC, .laz, LAS header v1.4)
— to facilitate efficient data sharing. These formats enable partial access to spatial or attribute data
subsets and support rapid visualization without requiring full dataset downloads. The data
produced in this study are hosted in the publicly accessible Data-to-Science (D2S) STAC
(SpatioTemporal Asset Catalog) repository (https://doi.org/10.4231/FV2H-VR18)%. STAC is a
standardized metadata format designed to support FAIR (Findable, Accessible, Interoperable, and
Reusable) geospatial data. A single STAC asset can contain multiple data products (i.e., items);
accordingly, this study published a single STAC asset titled ‘Tiputini Biodiversity Station’, which
aggregates all UAS data products generated from the two sensors.

Table 7. Summary of published data products. Region N denotes the subregion number. COG and
COPC denote Cloud Optimized GeoTIFF and Cloud Optimized Point Cloud, respectively. DTM,
DSM, and CHM represent digital terrain model, digital surface model, and canopy height model,
respectively. The sizes of subregion data products vary across subregions and sensors, and the
point densities of the point clouds also vary. Raw data can be downloaded via the link in
“Additional Resources” under the orthomosaics or point clouds of each subregion (denoted with
*). Units of spatial details are m/pixel for raster data (COG) and points/m? for point clouds (COPC).

Spatial extent Sensor Item name Spatial detail Format Size

Multi- Orthomosaic 0.05 COG 659GB
spectral Digital Surface Model MS 0.10  COG 3.8 GB
Entire region _ Point C?oud 395.51 COPC 30.9GB
Lidar D}g}tal Terrain Model 0.50 COG 132 MB
Digital Surface Model 025 COG 591 MB
Canopy Height Model 025 COG 655MB

Multi- Region N Orthomosaic* 0.05 COG -

spectral Region N DSM_MS 0.10  COG -

Subregion Region N Point Cloud* - COPC -

Lidar Region N DTM 0.50 COG -

Region N CHM 0.25 COG -

Through the workflows described in the Data processing section, the seamless geospatial
products for the entire study region were published. Two geospatial products derived from the
multispectral UAS were published: a 5-cm resolution orthomosaic and a 10-cm resolution DSM,
as shown in Figures 3(a) and (b). The multispectral orthomosaic, which minimizes geometric
distortions and displacements, contains eight bands in the following order: red, blue, green,
multispectral green, multispectral red, multispectral red edge, multispectral near infrared, and
alpha. The last alpha band defines the spatial extent of the TBS site, where the pixel value is 65,535.
The four multispectral bands were radiometrically calibrated using the onboard sunlight sensor,
resulting in approximate surface reflectance values, whereas the three RGB bands were color-
balanced relative to one another. The DSM from the multispectral UAS represents elevation
information over the TBS area, derived from a dense point cloud generated through the



photogrammetric workflow. In contrast to the lidar-based DTM described below, this DSM
includes the ellipsoidal heights of above-ground features (e.g., trees). It was also used as an
intermediate data product in the generation of the final photogrammetric output, the orthomosaic.
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Figure 3. Overview of multispectral data products: (a) RGB orthoimage and (b) DSM.
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From the UAS lidar data, four geospatial data products were published: 3D point cloud,
50-cm resolution DTM, and 25-cm resolution DSM and CHM (Figure 4). The point cloud includes
RGB color information collected by the RGB camera mounted on the L2 sensor as well as two
extra-dimensional attributes: ‘Height Above Ground’ and ‘Point Source ID’, to provide as much
information as possible. Height above ground values the elevation relative to the terrain, based on
the DTM. The point source ID presents the subregion to which the corresponding point is assigned.
In addition, ground points are denoted as class number 2 (the other points are denoted as class
number 0, following the ASPRS LAS Specification®®). The DTM represents ellipsoidal terrain
heights based on the WGS84 reference system, providing detailed topographic information of the
TBS region, such as hills and plains. The DTM, DSM, and CHM derived from the point cloud use
a no-data value of -9999, indicating areas where no returns were recorded during the UAS surveys
(e.g., over waterbodies) or outside the study region. Finally, to maximize the usability of the
acquired data, this study also publishes the raw data for each subregion (initially collected by the
UAS platforms, provided as .zip files) and the derived geospatial products for each subregion
processed without PPK, as listed in Table 7.
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Figure 4. Overview of lidar data products: (a) point cloud; (b) DTM with hillshade; (c) DSM; and
(d) CHM. The color of (a)-(c) indicates ellipsoidal heights, while (d) indicates normalized height
from the ground.

Technical Validation
Quality of georeferencing

Due to the lack of available references for georeferencing accuracy near the TBS, it is not possible
to precisely assess the absolute georeferencing accuracy of the dataset. Alternatively, the IBGE-
PPP service provides expected accuracy depending on the location and time®*. The locations of the
base stations were calculated using the ‘FINAL’ orbit type for the outside of Brazil in the static
mode. The IBGE-PPP service provides an accuracy level of up to 2.5cm for all GNSS data
collected in this study. Table 8 shows the sigma value (i.e., 95% standard deviation) of each
determined coordinate during the PPK process. Although they do not indicate the absolute
accuracy of the coordinates, we can estimate the internal reliability of the static processing to be
less than one meter. Due to surroundings (e.g., occlusion by dense canopies, atmospheric
conditions, and logging periods), the base stations located in the eastern subregions, especially
Subregions 4 and 5, were less stable than those in the western subregions. For example, during the
UAS mission for Subregion 5, the base station was set up right next to denser canopies and rocks
due to environmental challenges. In contrast, the base stations for Subregions 1 and 2 were set up
on sand hills at the riverside.

Table 8. The 95% standard deviation of the coordinates of each base station (unit: meter)
Base stations by subregion Easting Northing Altitude

1 0.040 0.020 0.088

2 0.228 0.114 0.397




3&4 0.208 0.107 0.209
5 0.533 0.318 0.720

Quality of registered lidar data

Due to the highly complex canopy structure in the TBS region, manually identifying corresponding
points between point clouds from different subregions is nearly infeasible, making direct
quantitative assessment of registration quality impractical. As an alternative, registration results
were visually evaluated prior to merging the lidar products from each subregion. While direct
quantitative assessment was not feasible, we additionally examined the distribution of estimated
spatial shifts across randomly selected windows as an indirect measure of registration quality. In
the Data processing section, Table 6 summarizes the standard deviations of these shifts, which
correspond to several pixels in the 25-cm resolution CHMs. Figure 5 presents the histograms of
the estimated shifts within each overlapping region. Overall, the shift distributions are consistent
across overlaps. Some outliers appear near subregion boundaries or on the water bodies, where
point cloud density is inherently low, while others likely result from transient environmental
disturbances such as wind. The consistency of the estimated shifts indicates that registration was
successfully achieved at a global scale across the dataset. For applications requiring sub-pixel
alignment (e.g., within a 25-cm threshold), we recommend applying more precise, point cloud—
level registration to each individual subregion. These individual point clouds are provided as part
of the published dataset.

(@) (b) (c) (d)

Figure 5. Relative frequency histograms of the estimated spatial shifts derived from the mutual
information-based registration approach. Results are shown for evenly distributed and randomly
sampled windows in each subregion: (a) Subregion 1 and (b) Subregion 3, both aligned to reference
Subregion 2; (¢) Subregion 4 aligned to Subregion 3; and (d) Subregion 5 aligned to Subregion 4.



The top row illustrates Easting shift distributions, and the bottom row illustrates Northing shift
distributions. The x- and y-axis indicate the amount of shift (meters) and relative frequency (%),
respectively.

Spatial alignment between multispectral and lidar datasets

As described in the Data processing section, the multispectral raw images were processed
simultaneously through the single photogrammetry pipeline using the corresponding exterior
orientations refined through the PPK processing. In contrast, the lidar data were processed
separately by subregion, using only refined base station coordinates, and then merged.
Consequently, the outputs from these two contrasting data processing workflows were differently
affected by the PPK results, and their spatial alignment varied across subregions. Figure 6 shows
the degree of spatial consistency between the multispectral orthomosaic and the lidar-derived
CHM near the center of each subregion. The first row displays the tree crowns delineated from the
orthomosaic, while the second row shows the same segments overlaid on the CHM. Misalignments
between the red segments and the CHM in the second row indicate spatial discrepancies between
the two products. In all subregions, subtle spatial misalignments were observed, which are
attributable to inevitable errors introduced in each processing workflow. To quantify the spatial
inconsistency in each subregion, the misalignments were estimated using the MI-based approach
as applied to register lidar products between the multispectral-derived and the lidar-derived DSMs,
as summarized in Table 9. Overall, the multispectral and lidar products exhibit subtle spatial
misalignment, with mean easting and northing shifts of 0.27 and 0.31 meters, respectively. It is
noteworthy that certain areas within Subregions 3 and 5 exhibit relatively larger spatial
misalignments (exceeding 1 meter), highlighting the importance of recognizing misalignments
when comprehensively utilizing data products from both sensors. Therefore, particular caution is
advised when integrating multispectral and lidar data in these subregions. For applications
requiring highly precise spatial alignment, we recommend using the datasets processed separately
for each subregion and sensor without PPK correction, which are also made publicly available
through the STAC asset in Table 7.
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Figure 6. Comparison of the multispectral orthomosaic and the lidar-derived CHM for five
subregions: (a) Subregion 1, (b) Subregion 2, (c¢) Subregion 3, (d) Subregion 4, and (e) Subregion

5. The red polygons represent tree crowns delineated from the orthomosaic. Each image spans
approximately 40 m in width.

Table 9. Spatial misalignment between multispectral and lidar DSMs based on mean and root mean
squared (RMS) easting and northing shifts (unit: meter).

Shift 1 2 3 4 5 Overall
Mean easting 0.52 0.00 1.09 0.36 -0.53 0.27
Mean northing -0.13 0.06 0.13 0.33 1.03 0.31
RMS easting 0.61 0.36 1.21 0.94 0.64 0.80
RMS northing 0.35 0.34 0.49 0.51 1.23 0.67
Usage Notes

Data visualization and analysis

It is recommended to use any GIS (geographic information system) software, such as QGIS
(https://qgis.org/), to visualize and analyze 2D raster data (orthoimages, DSMs, DTMs, and
CHMs); while CloudCompare (https://www.cloudcompare.org/) is recommended for 3D point
clouds. The COG URL (Uniform Resource Locator) for each published data product is also
available on the same STAC repository, so the data published in this study can be streamed rather
than downloaded. In addition, researchers who analyze our data with emerging deep learning can
easily stream our data instead of downloading the entire dataset to Python environments via a
Python package, d2spy (https://pypi.org/project/d2spy/), which can interact with the D2S STAC
repository.

Downstream research applications



The published UAS dataset represents one of the most detailed datasets ever collected for the
Amazon rainforest in terms of spatial resolution and coverage. Unlike publicly available
spaceborne data (e.g., Landsat, Sentinel, and GEDI), our comprehensive dataset provides spectral
and structural information at the individual tree level, along with topographic information derived
from the DTM, all captured with minimal temporal discrepancies (up to three days).

Given the vast number of trees living within the TBS site, this dataset is expected to serve
as an ideal training resource for a range of deep learning applications, thereby facilitating the
development of Al models specifically optimized for tropical rainforests. Potential use cases
include tree canopy segmentation (e.g., DeepForest®), tree species identification (particularly
palm trees®® and other distinctive species), and canopy height estimation from RGB imagery (e.g.,
DepthAnything®’). Such Al-driven approaches will enable detailed extraction of tree-level spectral
and 3D structural information, facilitating biodiversity monitoring based on species®® and enabling
carbon estimation®-"2 using structural metrics such as canopy height and cover.

The dataset’s fine resolution and seamless coverage of tree species composition and
structural characteristics also provide an exceptionally rich environmental context for ecological
research. This includes assessments of contemporary forest dynamics’>’* (e.g., gap formation and
turnover), tree mortality’>’®, and physiological variation’’ across distinct ecosystems. Moreover,
results derived from our dataset can be readily incorporated into ongoing research efforts at TBS*!:
43-48,78-81 including studies of phenology, tree and fauna dynamics, and forest ecosystem processes,
as well as long-term monitoring programs of understory bird and canopy insect populations. These
ecological insights can strategically guide targeted studies of specific ecological functional groups,
population-level distributions, and endangered species.

Furthermore, by enabling detailed analyses of vegetation—topography interactions within a
consistent climatic zone®?, this resource provides a valuable baseline for future multitemporal
assessments of climate change impacts. Beyond advancing our understanding of ecosystem
processes in the Ecuadorian Amazon rainforest, this dataset will support long-term monitoring of
the major Amazonian biomes. Its value will continue to grow as natural disturbances such as
storms and droughts reveal the resilience and vulnerabilities of different structural and
compositional elements within the forest.

Data availability
All UAS data generated and published in this study (as listed in Table 7) are publicly available at
https://doi.org/10.4231/FV2H-VR18. No additional data were used in this study.

Code availability

All  custom code wused to produce the published datasets is available at
https://github.com/gdslab/tbs-data-code. Note that the point clouds are voluminous, so processing
them requires substantial computational resources. Example scripts for d2spy to systematically



import the published data are available in the public documentation on the official d2spy website
(https://py.d2s.org/guides/).
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