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ABSTRACT Macroscopic descriptions in anatomic pathology play a crucial role in the evaluation of tissue
samples and in diagnosis and treatment decisions of patients. This applies to biological specimens in both
animal and human oncology. The presented DATP-IU dataset aims to serve as a pioneering effort, starting
with animal samples, to create a digital atlas of histopathological tissue specimens at the macroscopic level,
enriched with quantitative sensory data. The image and ultrasound data were obtained from formalin-fixed
histological animal tissues of varying sizes, types, and origins. The data were analyzed using a rotary-stage
coordinate system and compared with manual caliper measurements of the same calibration pattern. The
average Z absolute error is 1.02%, and sub-millimeter accuracy is maintained across all camera distances.
The automatic regulation of yaw angles via a LabVIEW routine enhanced both accuracy and repeatability
by eliminating manual errors and ensuring consistent angular adjustments. The presented DATP-IU dataset
offers an innovative approach to making pathology assessments more accurate, reproducible, and accessible.
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BACKGROUND

Like in human medicine, macroscopic (or gross) descrip-
tions in veterinary pathology play a critical role in the
evaluation of tissue samples and in the diagnosis and treat-
ment decisions of animals [1]. The macroscopic descrip-
tion process involves the visual examination of excised
tissues or organs, focusing on characteristics that can be
observed with the naked eye, such as size, shape, color,
and texture. This helps to identify visible abnormalities,
such as growths, organ enlargement, and lesions, and sup-

ports the diagnosis of conditions such as cancer, infec-
tions, and degenerative diseases [2]. Macroscopic descrip-
tions can also help veterinarians and specialists to decide
on treatments, such as additional surgery, chemotherapy,
or other follow-up care. For example, in veterinary oncol-
ogy, the gross appearance of a tumor—its margins, tex-
ture, and whether it invades nearby tissues—can suggest
the type of cancer and its progression, helping to formu-
late a preliminary diagnosis before microscopic examina-
tion [3].
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At the same time, macroscopic descriptions in veterinary
pathology are important in the research setting. In fact,
veterinary pathology often serves as a basis for animal
models that mimic human diseases [4], [5]. For example,
macroscopic descriptions of tumors or other pathologies
in animals (such as dogs and mice) can provide insight
into similar diseases in humans [6]. Similarly, macroscopic
assessments are used, in both human and veterinary research,
to assess the efficacy of new drugs or treatments. These
findings, documented through macroscopic descriptions, are
a crucial step before microscopic examination and are im-
portant in both preclinical animal studies and veterinary
trials [7], [8]. In traditional pathology, after the macroscopic
assessment, the excised tissues are typically reduced to
smaller cuts, embedded in paraffin blocks, and sliced for
microscopic examination [9]. This process, though neces-
sary for detailed histological analysis, inherently destroys
the original macroscopic context and structural integrity of
the tissue.

Additionally, macroscopic assessments are often subjec-
tive, relying heavily on the expertise and sensory sensitivity
of the pathologist, which can lead to variability in reporting.
In this context, the presented DATP-IU dataset aims to
serve as a pioneering effort to create a digital atlas of
histopathological tissue specimens at the macroscopic level,
enriched with quantitative sensory data. By preserving the
macroscopic appearance in a digital format and supplement-
ing it with objective measurements, this dataset offers an
innovative approach to making pathology assessments more
accurate, reproducible, and accessible.

The dataset includes 200 color images, 200 depth images,
200 transformation matrices, and single-channel ultrasound
pulse-echo responses for 54 excised tissues, for a total
of 32788 data points. The color images provided in the
dataset capture the visible features of the excised tissues,
such as size, shape, texture, and color, offering a tradi-
tional macroscopic view of the tissue. The depth images
introduce a 3-D component to the digital twin, allowing a
more detailed analysis of the tissue’s volume and surface
irregularities. Transformation matrices provide spatial and
geometric information about the alignment and orientation of
tissue specimens during imaging [10], [11]. Ultrasound data
capture the acoustic properties of tissues, providing sensory
information about specimen density, stiffness, and internal
composition [12], [13].

COLLECTION METHODS AND DESIGN

The dataset was collected in a collaboration between bio-
engineering researchers of the BioRobotics Institute of
Sant’Anna School of Advanced Studies (Pisa, Italy) and
researchers of the School of Biosciences and Veterinary
Medicine at the University of Camerino (Italy) between
May 2024 and December 2024. The collaboration led to the
creation of a tissue bank of 54 excised tissues, thus favoring
the gathering of extensive data, combining multiple layers of
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FIG. 1. Scanner platform components: the vision system (Intel Realsense
D405 and the adjustable camera arm), the rotary stage system (the rotary
stage, the driver, and the power supply), the illumination system (LED
strips and power supply), and the controlling PC.

information, from color and depth imaging to single-channel,
high-frequency ultrasound response, to microscopic analysis
results.

The tissue specimens were obtained from animal patients
who underwent routine veterinary procedures, specifically by
surgical excision of nodules and other lesions between May
2024 and December 2024. Subsequent to excision, the tissue
specimens were promptly placed in 10% neutral buffered
formalin [14], [15]. The fixation process is the standard
procedure that ensures the preservation of the structural in-
tegrity of the tissue and the prevention of tissue degradation,
thereby enabling an accurate microscopic examination at a
later stage [16]. Each specimen was tagged with a three-
digit number to ensure accurate identification throughout
subsequent analyses [17], [18] and divided into two halves to
obtain two sub-specimens as symmetrical as possible. One
sub-specimen was designated for the primary histological
assessment, while the remaining half was reserved for further
research investigations. For the first half, the results of the
histological assessment were documented for each scanned
slide and subsequently validated by the pathologist. The
remaining sub-specimen was utilized to compile the dataset
(image and ultrasound) presented in the following sections.
In each section, the presentation begins with the image data
and then progresses to the ultrasound data.

Image Data Collection

The image data were collected with the custom-made semi-
automatic scanner platform shown in Fig. 1. The plat-
form enabled the capture of both RGB-D images and
point clouds, with known camera positions, of potentially
n = 5.184.000 views of any object placed on the plat-
form. This was achieved through the integration of an
RGB-D camera (Intel RealSense D405, USA), a rotary
stage (Standa 8MR190-2-28, Lithuania), an light emit-
ting diode (LED) lighting system, and a 3-D-printed ad-
justable polylactic acid (PLA) camera stand. The semi-
automatic scanner platform was controlled by a LabVIEW
application integrating the XiLab LabVIEW library (XIMC
SDK 2.13.3) for the rotary stage and the Intel RealSense
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FIG. 2. Workflow of the image dataset collection. The calibration phase
comprises the placement of the ChArUco board on the rotary stage. This
is followed by the dataset acquisition phase, performed for each tissue
specimen. Finally, in the post-processing phase, the backgrounds can be
removed, and the collected point clouds can be transformed into the ref-
erence coordinate system through the transformation matrices computed
during the calibration phase.

SDK 2.0 (ver 2.54.2.5684) Python library for the RGB-D
camera. Client-server communication was established be-
tween the LabVIEW (2019 SP1 32-bit) and Python (3.8.18)
environments to coordinate object positioning and data
collection.

The image collection process, detailed in Fig. 2, comprised
three phases: 1) the acquisition phase; 2) the calibration
phase; and, optionally; and 3) the post-processing phase.
The acgquisition phase corresponded to the actual image
data collection; that is, RGB images, depth images, and
point clouds from multiple points of view. Precisely, six
viewing pitch angles Ny, were selected within the range of
25°-90°. The yaw angles were automatically regulated by
the rotary stage, which rotated from 0° to 360° at equal
intervals of Ninterval degrees between each adjacent view.
Table I reports the number Njyages Of images taken at
each viewing pitch angle and the degrees of the yaw angle
intervals. The tissue specimens scanned had an inherent
variability in terms of size and shape. To ensure the precise
collection of image data, the distance between the camera
and the plane, on which the specimens were positioned, was
calibrated accordingly. The camera distance, measured from
the center of the rotary stage, was adjusted between 70,
90, and 130 mm. For smaller specimens, the camera was
positioned in closer proximity to the object (i.e., 70 mm)
and maintained at this distance throughout the image data
collection process.

However, alterations to the camera distance impacted the
sensitivity of the depth images, particularly given that the 70
and 90 mm distances approached the limits of the sensing
capabilities of the RGB-D camera. To maintain coherent
depth information, the resolution of the depth images was
reduced from 1280 x 720, which was the resolution used for
the 130 mm distance, to 848 x 480 for the 90 mm distance,
and to 640 x 320 for the 70 mm distance. The coherent
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TABLE I. Number of Images (Nimages) and Yaw
Angle Intervals Amplitudes (Ninterval) for Each
Selected Viewing Pitch Angle (Npitch)

Npitch Ninterval Nimages
25° 12° 30
35° 14.4° 25
45° 18° 20
60° 27.7° 13
75° 45°
90° 90°

modulation of resolution and proximity of the camera to
the specimen ensured the preservation of tissue details and
the provision of well-defined features, which are crucial for
numerous 3-D reconstruction techniques [10], [11], [19],
[20], [21].

To facilitate the use of the presented DATP-IU dataset for
tissue specimen 3-D reconstruction, the calibration phase
involved the computation of the transformation matrices be-
tween the camera-centered reference frame and the reference
frame centered on the ChArUco board’s origin at each view-
ing angle. The precise calibration of the scanner platform
entailed determining the transformation matrices between
each position of the camera and the ChArUco board’s origin.
The calibration phase was nearly identical to the general
scanning process except for the object placed on the rotary
stage (see Fig. 2). During the calibration process, a ChArUco
board was placed on the rotary stage. A Python script,
integrating OpenCV library functionalities,' detected the
ChArUco markers and calculated the transformation matrices
for all camera positions. These matrices can subsequently
be applied to specify the camera positions in the general
scanning process.

Ultrasound Data Collection

Similarly to the image data, the ultrasound data were col-
lected with the custom-assembled ultrasonic platform in
Fig. 3. The platform consisted of three micrometric man-
ual translation stages (Standa 085082, Lithuania), a single
channel transmitter/receiver device (Lecouer Electronique
US-KEY, France), and a needle-shaped ultrasonic probe
(Sonomed SPWI16, Poland). The separate elements of
the platform are combined through the PLA 3-D printed
substrate.

The ultrasound signal was generated and received via the
US-KEY device, powered via a5 V DC USB port. The trans-
mitter within the device can generate user-programmable
pulses. For signal amplification, a low-noise preamplifier
was combined with a variable gain amplifier, providing a
gain range from 0 to 80 dB. The ultrasound signals were
digitized using a 12-bit analog-to-digital converter, which
operated at a sampling frequency of 80 MHz. The signal

! https://docs.opencv.org/4.x/d0/d3c/classcv_1_laruco_1_
1CharucoBoard.html
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FIG. 3. Ultrasound system components and data collection set-up: the
manual platform with three micrometric translation stages, the ultrasound
probe, and the stainless-steel plate. The probe is connected to the US-KEY
device, controlled by the PC via a user interface.

was collected in A-scan mode, which made it easy to
detect defects, determine their position, and evaluate their
reflectivity. All acquisitions were conducted in HF 80 MHz
“full-wave mode.” The ultrasound data collection system
was controlled by the US-KEY DLL application (version
2.0.12.0, Lecouer Electronique, France).

The ultrasonic needle probe operated at a center frequency
of 16 MHz and a fractional bandwidth of 0.25 at —6 dB, in
pulse-echo mode [22]. The probe had an external diameter
of 3 mm and an active piezoelectric element of 2 mm.

Two of the moving stages, orthogonally mounted beneath
a supporting stainless-steel plate, enabled the tissue specimen
to be moved in two directions (X-axis and Y-axis). The third
stage, mounted vertically (Z-axis), held the ultrasonic probe
through a 3-D-printed structure, enabling adjustable vertical
positioning at varying distances from the specimen. Each
stage had a 25 mm range of movement, covering a total
volume of 25 x 25 x 25 mm?. The specimen was positioned
on the stainless-steel plate, which both enhanced optimal
reflection of the ultrasound signal and facilitated sterilization
procedures.

A calibration phase of the ultrasonic platform was specif-
ically performed to tune, along the Z-axis, the distance
between the ultrasonic probe and the stainless-steel plate.

The first step of the process was to establish the “zero
distance,” defined as the point at which the probe made
physical contact with the plate. To this end, the probe was
lowered until its piezoelectric element contacted the plate.
Once the position of the probe had been established, the
probe was then lifted out of contact using the Z-axis moving
stage. When a histopathological specimen was placed on the
plate in the acquisition phase, the probe was lowered once
more to touch the tissue.

The distance between the tip of the probe and the plate,
then, corresponded to the thickness of the specimen, which
can be directly read on the micrometric scale.

VALIDATION AND QUALITY

Image Data Validation

The image data were collected with the Intel RealSense
D405 depth camera, having a Z-accuracy below +2% for
camera distance from the object below 500 mm while
achieving submillimeter accuracy at a camera distance of
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FIG. 4. Dimensions (height and width) of the ChArUco board, measured
on the point cloud reconstruction at 130 mm camera distance (red arrows)
and at 70 and 90 mm camera distances (blue arrows).

TABLE Il. Comparison of Real and Reconstructed Dimensions at Various
Camera Distances

Camera Distances
130 mm 90 mm 70 mm
Real board dimension (mm) 79.5 39.75 39.75
Reconstructed dimension (mm) | 78.9 £+ 0.5 [ 39.7 + 0.25 | 39.6 + 0.31
Average Z signed error (%) 0.592 0.025 0.104
Average Z absolute error (%) 0.745 0.062 0.261

70 mm [23]. A thorough evaluation of the depth accuracy
of the camera was conducted using predefined calibration
boards designed for ChArUco marker detection. The depth
evaluation process was performed at 70, 90, and 130 mm
camera distances. The pitch angles of the technical validation
acquisitions were identical to those of the standard data
acquisition procedures, which were 25°, 35°, 45°, 60°,
75°, and 90°. For each pitch angle, six acquisitions were
taken from different yaw angles, resulting in a total of 36
width and 36 height measurements for each camera distance,
summing to 216 measurements overall. CloudCompare 2.13
[GPL software] point cloud handling software was employed
to measure the height and width of the ChArUco board
pattern in the captured point clouds (see Fig. 4 for an
example). These measurements were compared with caliper
measurements of the same calibration pattern. The results
show that the average Z absolute error is well below 2%, and
the submillimeter accuracy is maintained across all camera
distances (see Table II).

Furthermore, the mechanical structure of the scanner plat-
form ensured precise geometric alignment, with the optical
axes of all views intersecting at the center of the rotary stage.
The fixed camera position provided stable, uniform image
capture, minimizing variability and ensuring consistent data
collection. Additionally, the automatic regulation of yaw
angles via a LabVIEW routine enhanced both accuracy
and repeatability by eliminating manual errors and ensuring
consistent angular adjustments. Together, these elements
contributed to a robust and reliable acquisition process for
comprehensive and accurate imaging.

Ultrasound Data Validation
Ultrasound data were collected with standardized equipment
and methodologies to ensure consistency and repeatability.
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A high-frequency probe at 16 MHz was utilized for data
collection, which allowed for greater resolution and more
precise measurement of the target tissues. The quality of
collected data was evaluated based on the clear discernibility
of a reflection peak in the received ultrasound signal, a cru-
cial indicator for tissue characterization in accordance with
the instrumentation. In certain instances, a more discernible
reflection peak was observed, which could be attributed to
the specific acoustic properties of the area evaluated (see
Fig. 5 for an example). For these reasons, the subsequent
labeling of the ultrasound data point was conducted in
close collaboration with expert researchers, thus ensuring
the accuracy and reliability of the interpretations. This inter-
disciplinary approach permitted a comprehensive validation
of the collected data, aligning the results with established
medical expertise and ensuring the robustness of the labeling
process. In instances where it was not feasible to visualize
the pathological area with the assistance of the medical team,
the label “N/A” was included in the label section to prevent
any potential misinterpretations in later uses of the dataset.

RECORDS AND STORAGE

All data records were deposited in the IEEE DataPort
repository under a DOI number of 10.21227/2v1g-ab70.
The dataset is intended for non-commercial purposes under
FAIR use principles. The image and ultrasound data were
obtained from formalin-fixed histological animal tissues of
varying sizes, types, and origins, carefully washed before
their digitization. Details regarding the gender, age, type
of specimen material, and diagnosis can be found in the
sample_metadata.json file. The dataset is diverse, encom-
passing a wide range of tissue specimens. The dataset is
organized such that each tissue specimen is assigned a
dedicated folder, identified by a unique, pseudonymous ID.
Within these folders, two distinct types of data are provided
for every specimen: image data from the “ScannerPlatform”
folder and ultrasound data from the “UltrasoundPlatform”
folder. A representation of the dataset folder structure is
provided in Fig. 6.

Image Data

A total of 54 tissue specimens were scanned using the
scanner platform. We collected 14 specimens at a 70 mm
camera distance, 28 specimens at a 90 mm camera distance,
and 16 specimens at a 130 mm camera distance. For each
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FIG. 6. Example of dataset internal organization, “SamplelD” represents
any randomly generated ID of each sample in the dataset. Note that the
“SamplelD_top” and “SamplelD_bottom” internal structures coincide, so
one is omitted for the sake of presentation.

sample, two opposite stable placement orientations were
identified, with the constraint that the contact surfaces of
the two orientations were on opposite sides of the tissue
to ensure a comprehensive camera view coverage of the
specimen. A top and a bottom side were designated from
the two orientations. For both hemispheres, a dataset of 100
acquisitions was collected, starting with the top side. After
conducting the measurements, the specimen was manually
re-placed to acquire the dataset for the bottom hemisphere.
In each “ScannerPlatform” folder, a scanner_metadata.json
file stores the measurement parameters and two folders, one
for each hemisphere. In each hemisphere folder, the image
data are distributed in the following subfolders.
1) “CAMERA_poses” contains the transformation matri-
ces, calculated during calibration, in JSON format.
2) “IMG_color_original” contains raw color (RGB) im-
ages in PNG format at 1280 x 720 resolution.
3) “IMG_color_segmented” contains Al-segmented color
images (1280 x 720 resolution), in PNG format.
4) “IMG_depth_original” contains raw depth images in
PNG format with either 1280 x 720, 848 x 480, or
640 x 320 resolution, depending on 130, 90, and
70 mm camera distance from the tissue specimen,

respectively.
5) “IMG_depth_segmented” contains  Al-segmented
depth images (either 1280 x 720, 848 x 480, or

640 x 320 resolution).

6) “PointClouds” contains the point clouds, transformed
by the transformation matrices, in PLY format.
Finally, hemisphere_metadata.json and type_metadata.
json store hemisphere-specific and type-specific metadata,

respectively, in JSON format.
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TABLE lll. Metadata Attributes and Their Corresponding Descriptions and

Sources for Tissue SpecimensAQ5

Annotation Description Metadata
Level
Tissue ID Umque identifier assigned to each tissue Sample
specimen
Species Species of the patient from which the Sample
P tissue was obtained P
Gender Gender of the patient from which the Sample
sample was collected
Age Age of_ the patient at .the time of sample Sample
collection, expressed in years
Tissue (sample) | Type of biological material in the sample Sample
[additional info] | (e.g., skin, liver) P
Diagnosis Medical diagnosis associated with the Sample
[additional info] | tissue P
Medical history Rel.e\{ant medical history of the Sample
individual
Fixation method Metk}od used to preserve the tissue Sample
specimen
. . Institution where the tissue was
Diagnostic center | . Sample
diagnosed
List of scanner- Pairings of scanner and ultrasound data | Sample
ultrasound pairs

Ultrasound Data

A total of 51 tissue specimens were examined using the
ultrasonic platform (Fig. 3). In most instances, the reflection
peak of the ultrasound signal was clearly discernible. The
ultrasound signal provided is the average signal from which
background noise has been removed. Each “UltrasoundPlat-
form” contains an ultrasound_metadata.json file that stores
the measurement parameters and the following subfolders.

1) “US_signals” contains the ultrasound signal for each
data point, in CSV format.

2) “US_pictures” contains the pictures of the analyzed
specimen and of the indentation position of the ul-
trasound probe for each ultrasound signal, in JPEG
format.

Connecting the Image and Ultrasound Dataset

A link is provided for 51 specimens between the ultrasound
and the image data. Such a connection could be utilized
to facilitate further investigations into the acoustic and
biomechanical properties of the tissue, while simultaneously
integrating these findings with precise 3-D coordinates of the
tissue. As mentioned, during each ultrasound measurement,
an image of the specimen and its indentation position was
captured. By knowing the extrinsic parameters of the camera
and identifying the pixel coordinates of the tip of the
ultrasound probe, the 3-D coordinates of the indentation
position can be calculated.

Data Annotation

The annotation process was conducted both during and
after data collection, with pseudo-anonymization to ensure
the removal of sensitive information associated with each
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TABLE IV. Metadata Attributes and Their Corresponding Descriptions and

Sources for Scanner Data

. o M
Annotation Description etadata
Level
Identifier of the individual that
Collector ID cntier of the individual tha Scanner
collected the data
Date of
s Date when the data was collected Scanner
acquisition
Camera model Model name of the scanner camera | Scanner
Camera serial Serial number of the scanner camera | Scanner
Distance of the camera from the
Camera distance | sample during image data collection, | Scanner
expressed in millimeters (mm)
Camera Resolution settings of the camera for
. S Scanner
resolution depth acquisitions
Details t th k i
Background Details about the bac ground during Scanner
image data collection
Description of the illumination
Tllumination conditions during image data Scanner
collection
- . Camera intrinsic parameters used for
Intrinsic matrix oo Scanner
calibration
Distortion matrix Camera dlstor.tlon parameters for Scanner
image correction
Tissue Hemisphere of the tissue sample .
. . Hemisphere
hemisphere (i.e., top, bottom)
Exposure time Exposure time used during image Hemisphere
data collection
Type of image produced (i.e., color,
Image type ’ > | Type
ge typ! depth) yp
Segmentation Algorithm used for image
. Type
method segmentation
Number of Total number of images collected for Type
images the hemishpere-type pair P

tissue specimen. Annotations are organized across multiple
dictionaries and stored in JSON format within each sample
folder, as illustrated in Fig. 6. A detailed explanation of each
annotation, along with its location in the *_metadata.json
files, is provided in Tables III-V.

INSIGHTS AND NOTES
The dataset is organized into folders, each corresponding
to a unique tissue specimen identified by a randomly as-
signed ID. For every tissue specimen, two types of data
are provided: image data from the “ScannerPlatform” folder
and ultrasound data from the “UltrasoundPlatform” folder.
Both data types, along with their associated metadata, are
detailed in the “Records and Storage” section. Users have
the flexibility to access either platform’s data individually or
to use the combined dataset. The dataset employs standard
file formats, including CSV for tabular data and JPEG
for images. These formats were selected for their ease of
use and compatibility with a wide range of software tools
and programming languages. This guarantees that users can
process the data without restrictions on specific software
environments.

To our knowledge, there are no similar digital datasets in
human or veterinary digital pathology, although microscopic
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TABLE V. Metadata Attributes and Their Corresponding Descriptions and

Sources for Ultrasound Data

Annotation Description Metadata
Level
Identifier of the individual that
Collector ID collected the data Ultrasound
Date of acquisition | Date when the data was collected Ultrasound
Probe model Model of the ultrasound probe used | Ultrasound
TX/RX device Model of the transmitting/receiving
X . . . Ultrasound
model device used in ultrasound imaging
TX/RX device Parameters of the
. - . Ultrasound
params transmitting/receiving device
Number of data Total number of data points recorded
. . . Ultrasound
points in ultrasound data collection
Label for data analysis. The label
“pathological area” refers to regions
visibly impacted by pathological
processes, whereas the label “not
pathological area” refers to areas that
can be regarded as non-pathological.
Data labels—Label | The label “necrosis area” refers to Ultrasound
necrotic regions. The value “N/A”
was given in the event of no
discernible reflection peak or if it
was not possible to assess the
pathological status of the point of
contact
Data Thickness of the tissue situated
. beneath the ultrasonic probe, Ultrasound
labels—Height PR
expressed in millimeters (mm)
Gain value set on the ultrasound
Data labels—Gain | TX/RX device for each acquisition, | Ultrasound
expressed in decibels (dB)
. Filtering mode set on the ultrasound
Data labels—Filter TX/RX device, expressed megahertz | Ultrasound
MHz
(MHz)

histopathological slide datasets are becoming increasingly
common [24], [25], [26], [27], [28], and a book compris-
ing a collection of photos has recently been published for
pathologists and medicine students [29]. The unique dataset
presented here can, for example, advance the training of
artificial intelligence (AI) methods and the creation of digital
twins in anatomic pathology, where a digital twin is defined
as a digital replica of a physical object, often enhanced
with sensory data that can be accessed in the translational
application of the model in the decision-making process.
Although digital twins have been widely explored in fields
such as engineering and manufacturing, their application to
pathology is still in its infancy [30], [31].

In addition, the dataset could be integrated into a broader
digital pathology pipeline where macroscopic images, sen-
sory data, and even microscopic data are combined to form
an end-to-end diagnostic model. This multi-scale integration
would provide a comprehensive view of tissues, combin-
ing gross anatomical features with fine histopathological
details [11].

SOURCE CODE AND SCRIPTS
Python routines to process and visualize the dataset
are freely available on the following repository: https://
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github.com/Neuro-Robotic-Touch-Laboratory/histologydata.
The code is written to work with Python 3.11.5. The
load_dataframe_demo.py script provides a basic example
for loading, selecting, and plotting the data records, making
it a good starting point for new users. For more advanced
data visualization, the visualize_data.py script demonstrates
how to generate structured plots from the dataset, providing
a more in-depth approach to interacting with the data.
To complement the raw data provided, a variety of post-
processing techniques can be applied with the intention of
enhancing the subsequent analysis and interpretation. The
following sections present a discussion of the methods that
can be employed to refine and extract meaningful insights
from both the image and ultrasound data.

Image Data Post-Processing

While the calibration process ensures the accurate deter-
mination of camera positions for precise data collection,
an additional post-processing phase can be performed. For
example, the dynamic changes in the orientation of the
tissue specimens during scanning may pose a challenge in
terms of background noise. That is, during the collection of
image data of a tissue specimen, the orientation between the
specimen and the camera inherently undergoes a continuous
change. However, the orientation between the background
and the camera remains unaltered between adjacent views,
with the exception of instances where the viewing angle is
adjusted. Consequently, the relative position of the specimen
and its surroundings changes dynamically, which could po-
tentially give rise to complications during 3-D reconstruction
processes [10], [21].

To address this challenge, we employed the remBG open-
source deep learning segmentation algorithm? to eliminate
the background. Such an algorithm allowed for the selection
of a variety of segmentation models. Based on empirical
evidence, the default U2-Net segmentation model demon-
strated the most reliable performance in background removal.
U2-Net is a deep convolutional neural network pre-trained
using a comprehensive image database with the objective of
removing backgrounds [32]. Fig. 7 illustrates the different
stages of the data processing from the RGB and depth infor-
mation. Three main steps are highlighted: 1) acquisition of
raw data—RGB and depth images—and generating the point
cloud; 2) post-processing of the images and point clouds by
segmenting the background of the images and transforming
the point clouds into a common coordinate system; and
3) identification of the image-pairs of the ultrasound and
scanner images. The image-pair finding phase was detailed in
the “Connecting the Image and Ultrasound Dataset” section.

Finally, it should be noted that the provided point clouds
are not the raw outputs from the cameras themselves. Rather,
they have been transformed into the coordinate system of
the ChArUco board through the application of the provided
transformation matrices, computed in the calibration phase.

Zhttps://github.com/danielgatis/rembg
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Post-processing of scanner data

Connecting ultrasound and image
dataset

Creating mask with remBG

Acquisition
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Acquisition of RGB image

Applying mask on RGB image

Applying mask on depth image

==

e
Generating point cloud

Transforming point clouds into
the same coordinate system

FIG. 7. Data flow of the scanning process. Initially, RGB and depth data
are acquired at each camera position, and a point cloud is generated from
the depth image. During post-processing, segmentation masks are applied
to the RGB and depth images, and the point clouds can be transformed
into a common coordinate system using the calibration transformation
matrices. Finally, a link between the ultrasound and the image data can
be established by identifying the scanner image whose position is closest
to the ultrasound image.

In the event that a new camera position detection method
is to be tested, the initial step is to reverse-transform the
point clouds to their original state using the inverse of the
relevant calibration transformation matrix. An example of
this process is provided in the published data processing
script process_data.py.

Ultrasound Data Post-Processing

The calibration phase ensured the correct coupling among
the probe, the tissue specimen, and the reflecting surface,
thus ensuring an accurate transmission of the ultrasound
wave across the different materials. However, the specimens
analyzed were fixed ex-vivo specimens, which caused a
significant attenuation of the reflection peak.

To address this, the following post-processing phase en-
ables the comparison of point collections on the same spec-
imen and among specimens, even if carried out at different
gains. In fact, the gain was empirically adapted among
acquisitions and specimens to verify the presence or absence
of the reflection peak in areas of non-pathological tissue.
Building on this, the normalized signal can be computed as

Snorm = S/ (V#A) = (Sout — 2'1)/(V¥109/2%) (1)

where V' is the applied voltage, G is the specific gain
employed for the data collection, and A is the amplification
factor. The signal S considers the electronic digitization of
the receiver device; i.e., through the difference between the
output signal S, and 211
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