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ABSTRACT 

Modern foundation models have shown promise in classification tasks and may be used in medical imaging systems, but 

the current imaging modalities, such as fluorescence and narrow-band imaging, have drawbacks hindering the ability to 

generate the large datasets required of current computer vision (CV) models. Hyperspectral imaging (HSI) is a non-

invasive and label-free modality and has shown promise in tissue classification and cancer detection. But, to leverage the 

rich information provided with HSI alongside modern CV architectures, larger datasets must be curated. As such, we have 

designed an HSI system and workflow to address this gap by allowing for high-throughput ex vivo tissue imaging. We 

utilize an optical configuration consisting of three hyperspectral cameras along with a custom in-house application for 

efficient imaging. The system covers a wavelength range of 460-960 nm, acquiring 30 hyperspectral images that are 

averaged into a single hypercube with 55 bands, a process completed in under 6 seconds. The system has been used to 

acquire 1835 hyperspectral images of tissues from four animal models including porcine, murine, galline, and bovine 

organs. The high-speed HSI system and the corresponding dataset can be further applied to many minimally invasive 

surgical applications including robotic-assisted laparoscopic surgery. 
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1. INTRODUCTION 

Minimally invasive surgery (MIS) has benefitted greatly from technological advances and improvements leading to high-

quality visualization of the surgical field, including 4k RGB and stereoscopic systems. Other advances, such as 

fluorescence and narrow-band imaging have pushed the field further with the goal of assisting surgeons to identify key 

structures intraoperatively. Hyperspectral imaging (HSI) presents a promising alternative and improvement to RGB 

modalities, offering a richer dataset that captures spectral and spatial information across a broad spectrum of light [1]. 

Previous works have shown that HSI can outperform traditional RGB imaging in classification tasks when using CNN 

architectures [2-4]. This suggests a significant potential for HSI to enhance the feature-extraction capabilities of large 

foundation models further by providing more information than the RGB images commonly used. To realize this potential, 

there is a critical need for the development of extensive HSI datasets, akin to those used in established computer vision 

(CV) works. The goal of our work is to address this need by developing a high-throughput, rapid HSI system for ex vivo 

tissues. The system aims to facilitate the acquisition of large-scale datasets, thereby paving the way for the integration of 

data-rich HSI with cutting-edge transformer architectures. Such an integration could lead to the development of powerful 

tools for minimally invasive surgery, enhancing both diagnostic and therapeutic outcomes. 

Foundation models have seen remarkable advancements in recent years, largely driven by the availability of large public 

datasets combined with sophisticated architectures. Notable models such as DINOv1 [5], DINOv2 [6], and masked 

autoencoders [7] have leveraged these datasets to achieve impressive performance across various tasks. These datasets 

include ImageNet-1K [8], COCO [9], and ADE20K [10], which vary in size from tens of thousands of images (ADE20K) 

to millions of images (ImageNet). Different datasets are utilized for different downstream tasks, as segmentation sets 

require corresponding masks instead of single, image-wide captions for classification models. However, while these 

datasets have been widely used in general CV models, they are limited in their ability to contribute to the domain of 
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medical imaging. There is a need for the curation of large-scale datasets for medical imaging tasks, such as Mass-100K, 

The Cancer Genome Atlas, and Providence, all of which contain thousands of H&E stained histopathology slides that have 

been used in the training and evaluation of whole-slide digital pathology models including UNI [11], CONCH [12], and 

Prov-GigaPath [13]. But, these works utilize RGB data and are confined to pathologic applications. 

Within HSI, numerous datasets exist for the training of classification and spectral unmixing deep learning models. That 

said, most of these datasets are specific to remote sensing applications and are limited in their overall size, with some of 

the most commonly used datasets consisting of a single hypercube, as shown in Table 1. Large-scale datasets are often 

required in order to train larger CV models. Within medical HSI specifically, few datasets exist for this purpose. The aim 

of this work is to address this discrepancy by curating a large database of hyperspectral images of abdominal and 

reproductive tissues for medical applications.  

Table 1. Existing HSI datasets for deep learning model training and evaluation. 

Dataset # Images Raster Size 
Wavelength 

Range 
# Bands 

# 

Classes 
Application 

Indian Pines [14] 1 145 x 145 200 – 2500 224, 200* 16 RS – Segmentation 

PaviaU [15] 1 610 x 340 430 – 860 115, 103* 9 RS – Segmentation 

Houston2018 [16] 1 1202 x 4172 380 – 1050 144, 48* 20 RS – Segmentation 

Salinas 1 512 x 217 360 – 2500 224, 204* 16 RS – Segmentation 

Botswana [17] 1 1476 x 256 400 – 2500 242, 145* 14 RS – Segmentation 

Kennedy Space Center 

[17] 
1 512 x 614 400 – 2500 224, 176* 13 RS – Segmentation 

HySpecNet-11k [18] ~11k 128 x 128 420 – 2450 224, 202* N/A 
RS – Image 

Compression 

SpectralEarth [19] ~538k 128 x 128 420 – 2450 224, 202* 15-20** 
RS – Classification, 

Segmentation 

BigEarthNet [20] ~590k 
120 x 120, 60 x 

60, 20 x 20 
443 - 2190 13 44 RS - Classification 

In-vivo HS Brain [21] 61 741 x 1004 400 – 1000 826, 645* 4 
Medical image 

Classification 

HyperGlobal-450k [22] ~447k 64 x 64 400 – 2500 
242, 175*, 

330, 150* 
N/A RS – Pre-training 

HeiPorSPECTRAL [23] ~5700 480 x 640 500 – 1000 100 20 

Medical – 

Classification, 

Segmentation 

*After data cleaning and band removal. **Classes on subsets of the network for different applications. RS – Remote Sensing. 

2. METHODS 

When approaching the design of our system, two primary objectives were considered. First, the system needed to cover a 

wide spectral range to not limit the scope and potential application of the dataset. Second, the system needed to allow for 

high-throughput imaging via fast image acquisition times. 

2.1 Imaging Setup 

The proposed imaging system includes an optical configuration that allows three snapshot hyperspectral cameras to be 

used simultaneously. The hardware of the system is shown in Figure 1. The setup consists of a 10 mm, 0° laparoscope 

(Olympus UHD) and a 150-Watt halogen light source (OSLIR High-Intensity Fiber-Coupled Illuminator, Thorlabs, 

Newton, NJ) with an output power density covering 400 – 1750 nm. A fabricated adapter couples the laparoscope to a 605 

nm dichroic mirror (Thorlabs, Newton, NJ) where incoming light reflects into the visible (VIS) hyperspectral camera, 

which covers a wavelength range of 460 – 600 nm. Transmitted light enters a 50:50 beam splitter (Non-Polarizing NIR 

Cube Beamsplitter, Edmund Optics) to which the red/near-infrared (RNIR) and near-infrared (NIR) hyperspectral cameras 

are attached, covering wavelength ranges of 600 – 870 nm and 660 – 960 nm, respectively. A 35-mm VIS-NIR C-mount 

lenses are used with each hyperspectral camera along with 1.5× lens extenders to utilize the imaging sensor to a greater 

degree. 
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Figure 1. Hardware setup of the high-speed hyperspectral laparoscopic imaging system. A) Schematic of system. B) 

Constructed system with validation reflectance tile. (DM: Dichroic mirror. BS: Beam splitter. VIS: Visible hyperspectral 

camera. RNIR: Red/near-infrared hyperspectral camera. NIR: Near-infrared hyperspectral camera.) 

 

2.2 Image Acquisition 

To enable high-speed imaging, a custom software was developed in C++ using an application programming interface 

(API) along with the QT graphical user interface framework as covered in our previous work [24]. First, the optical 

configuration of each camera utilized is set, including f/#, focal length, and exit pupil distance. Then, dark current 

references are acquired for each camera with the light source and room lights off, and the distal tip of the scope covered 

with an optical absorbing material. Hyperspectral images from each camera are then acquired using a burst capture feature, 

with each camera capturing a specified number of images in sequence (10 for tissues, 20 for white reference), with more 

captured images leading to longer acquisition times but superior noise reduction after temporal averaging. A white 

reference image is acquired using a 95% reflectance tile for calibration as described in Section 2.4.  

2.3 System Validation 

Prior to acquiring data from ex vivo tissues, the spectral accuracy of the novel hardware configuration was evaluated. 

Utilizing a similar workflow as our previous work [25], standard reflectance tiles were used to assess the spectral accuracy 

of the system. Eight colored tiles with reflectance values provided from 360-830 nm along with a calibrated tile with 

reflectance values provided from 235-2000 nm (WCS-MC-020, Labsphere). The colored tiles present different spectral 

footprints and intensities and overlap the majority of bands from the system. The remaining NIR wavelengths captured by 

the system are covered by the NIR tile. The root-mean-squared-error (RMSE) was calculated for each tile. 

2.4 Data Processing 

Data processing was performed in MATLAB (MathWorks Inc, Natick, MA, USA) and included image calibration, pseudo-

RGB construction, image registration, and spectral analysis. Hyperspectral images were calibrated according to Equation 

(1), where the standard used is a 95% reflectance white reference surface: 

𝐼reflectance(λ) =
𝐼processed(𝜆)

𝐼WR(𝜆)
                                                                   (1) 
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where Ireflectance is the calibrated reflectance intensity, Iprocessed and IWR are the dark current corrected reflectance intensities 

of the tissue/tile and the white reference, respectively. Calibrated reflectance values were used to construct a pseudo-RGB 

pixel by selecting bands from the VIS hyperspectral camera corresponding to red, green, and blue channels. Auto-

brightness correction was applied for visualization of tissues with varying absorbance behaviors. Conversion from the red-

green-blue image format to hue-saturation-value was conducted to calculate an appropriate gain for each image. Pixels 

only in the center of the field of view (FOV) and non-background were considered to avoid over-exposure. Respective 

gains were then applied to the pseudo-RGB. 

Image registration was performed semi-automatically using rigid and affine transformations and applied to the RNIR and 

NIR hypercubes, with the VIS hypercube acting as the fixed object. Each transformation is an intensity-based approach, 

with Mattes mutual information algorithm used as the metric to gauge similarity [26] and an evolutionary algorithm used 

to update transforms iteratively [27]. Dice similarity coefficients were used to evaluate the image registration quality. The 

registered hyperspectral images were then concatenated to form a final hypercube of size 510 x 270 x 55. Spectral analysis 

was performed by manually selecting a region of interest and extracting the corresponding average spectra from the region. 

2.5 Ex Vivo Tissue Imaging 

Larger animal model tissues were sourced from various channels including local farms and marketplaces. Murine organs 

were harvested from internal lab facilities. Fluids innate to the organ environment are preserved to maintain tissue moisture 

levels throughout imaging, with phosphate buffer saline (PBS) solution supplemented when needed. 

A dataset was created to represent a variety of organs and tissue types across multiple animal models with an emphasis on 

abdominal and reproductive organs often seen in MIS. Murine, porcine, bovine, and galline organs that were accessible 

and in the proposed domain were included in the dataset. Nine tissues were identified, representing a variety of spectral 

and morphological features. The working distance was varied using an adjustable stage from 7 cm for larger tissues such 

as bovine liver down to 3 cm for smaller tissues such as murine organs. Tissues were imaged to maximize total surface 

area with minimal overlap to avoid redundance in the dataset. The number of acquired images per tissue varies with tissue 

type due to FOV, with up to 18 hypercubes being captured for a single porcine stomach to 2 hypercubes for murine kidney. 

3. RESULTS 

3.1 Validation Result 

The acquired spectral curves from the reference tiles are shown in Figure 2. The triple-camera hyperspectral system with 

our optical configuration captures 55 spectral images from 458-939 nm. Bands beyond the coverage of the colored tiles 

were excluded from quantitative analysis. The system shows acceptable conformance to the various spectral footprints 

presented by the different tiles, which is also confirmed in the RMSE values shown in Table 2. The average RMSE across 

all tiles is 4.196 ± 1.331%. 

3.2 Ex Vivo Tissue Spectra 

Imaging studies were conducted using the triple-camera setup on the proposed animal models. Resulting pseudo-RGB 

images along with spectral curves from different regions of a subset of tissues can be seen in Figure 3. Regions of interest 

were manually selected for different regions of each tissue for spectral observation. Glare pixels were left in attempt to 

mimic intraoperative imaging conditions, where glare is present as well. PBS was used sparingly to maintain tissue 

moisture levels throughout the duration of imaging. The value of capturing a wide spectral range is shown in the ability to 

distinguish tissue types in different wavelength ranges – such as the visibly brighter tissues (intestine and stomach) 

distinguishing themselves primarily in the VIS camera range as opposed to the darker/red tissues (liver, kidney, spleen) 

showing separation towards the RNIR/NIR region. Dice scores from the registration pipeline used for the RNIR and NIR 

hyperspectral images are 0.964 ± 0.014 and 0.965 ± 0.014, respectively. To date, 1835 hypercubes of various tissues have 

been acquired. The breakdown by animal and organ model is shown in Table 3. 
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Figure 2. Results of spectral accuracy of the hyperspectral imaging system against the tile standard reflectance values. A) NIR 

reflectance tile. B) Red, green, blue, yellow reflectance tiles. C) Violet, cyan, orange, purple reflectance tiles.  

Table 2. RMSE for each reference tile. 

Tile RMSE 

Red 3.797 

Green 2.630 

Blue 5.123 

Yellow 

Violet 

Cyan 

Orange 

Purple 

5.179 

3.780 

4.205 

2.420 

3.555 

NIR 6.983 
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Figure 3. Pseudo-RGB images and the spectral curves of various tissues (Pig spleen, Cow liver, Pig stomach – left, Chicken 

liver, Pig intestine, Pig kidney – right) and spectral footprints within highlighted region of interest (center).  

 

Table 3. Current distribution of abdominal ex vivo HSI dataset. 

  Animal Models  

  Pig Mouse Chicken Cow Total 

O
rg

an
 

Stomach 86 29 - - 115 

Liver 176 96 399 233 904 

Spleen 115 33 - - 148 

Kidney 135 34 - 96 265 

Intestine 139 105 - - 244 

Pancreas - 22 - - 22 

Uterus 83 33 - - 116 

Prostate + Seminal Vesicles - 16 - - 16 

Bladder - 5 - - 5 

 Total 734 373 399 329 1835 

 

 

 

4. DISCUSSION AND CONCLUSION 

A high-speed hyperspectral imaging system was constructed and validated along with a framework for large-scale data 

acquisition. Spectral validation was shown for the captured wavelengths using standard reflectance tiles, showing 

sufficient sensitivity for the VIS, RNIR, and NIR snapshot imagers used in the system. Preliminary pseudo-RGB images 

of various tissues in the proposed dataset are shown along with regional spectral plotting, highlighting inherent distinctions 

in the backscattering characteristics of various tissues. The proposed system can be used to gather a robust hyperspectral 
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dataset of abdominal tissues for significant downstream applications such as identification of spectral signatures and deep 

learning-based tissue/organ classification. 

In our survey of the current HSI datasets for deep learning applications, a clear gap between the fields of remote sensing 

and medical imaging was identified. Seeking to address this discrepancy and the lack of large-scale datasets in medical 

HSI, a novel hyperspectral imaging system for high-speed data acquisition using multiple snapshot hyperspectral imagers 

was developed and an ex vivo tissue dataset consisting of various abdominal and reproductive organs across four animal 

models was created. The system has been used alongside our developed software for high-throughput imaging, resulting 

in over 1800 hyperspectral images. Tissues can be processed efficiently through simultaneous imaging and semi-automatic 

processing pipelines for pseudo-RGB generation, hypercube registration and concatenation. The system maintains 

excellent spectral accuracy across all used reference tiles considering the added optics and decreased relative transmission 

from previous work. A limitation of the current work is the varying accessibility of tissues in the proposed dataset. Future 

work will include expanding the current dataset as this may lead to significant strides being made in HSI’s ability to be 

used with modern deep learning methods for automatic identification of tissue and organs for surgical applications. 
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