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ABSTRACT. Significance: Early detection of Alzheimer’s diseases, diabetic retinopathy, or mac-

ular degeneration with advanced retinal imaging technologies can help improve

patient care and treatment outcome.

Aim: We aim to create a high-resolution hyperspectral imaging (HSI) system for the

retina. Retinal vessel diameter and oxygenation rate will be extracted simultane-

ously from HSI data.

Approach: Our hyperspectral retinal imaging system consists of a snapshot hyper-

spectral camera, a high-resolution RGB camera, a beamsplitter, and an imaging

endoscope. Multiple pansharpening algorithms, including deep learning methods,

were developed to generate high-resolution hyperspectral images that were further

used for the measurement of vessel size and oxygenation rate in mice.

Results: The hyperspectral retinal imaging system was tested for its spatial

resolution and spectral fidelity in retina phantoms. In vivo imaging experiments were

performed in mice. The deep learning-based pansharpening algorithm achieved a

root mean square error (RMSE) of 2.15� 0.64, a correlation coefficient (CC) of

0.96� 0.05, a spectral angle score of 0.06� 0.03 radians, and an error relative

global dimensionless synthesis (ERGAS) score of 2.37� 1.71. Oxygen saturation

(sO2) and lumen diameters of blood vessels were measured in the retina. The aver-

age lumen diameter of the venules was 45.7� 13.6 μm, whereas the average lumen

diameter of the arterioles was 31.5� 8.7 μm. The average arteriole sO2 was 98%,

whereas the average venule sO2 was 58%.

Conclusions: A high-resolution hyperspectral imaging system was developed and

validated for retina imaging and measurement of blood vessels and oxygen

saturation.
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1 Introduction

Biological tissues hold essential spectral information that reflects their physiological and patho-

logical states.1 Traditionally, spectrometers were used to analyze these spectral signatures, but

their limited spatial coverage restricted their utility. Hyperspectral imaging (HSI) has emerged as

a transformative technology to overcome this limitation, offering a three-dimensional data cube,
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or hypercube, that integrates both spatial and spectral information. By capturing an extensive

range of spectral signatures across large spatial areas, HSI has proven to be superior to traditional

RGB imaging in various biomedical applications, such as quantifying blood oxygenation.2

Recent advancements in manufacturing and optical technologies have significantly improved

the accessibility of HSI systems, making cameras more compact, portable, and affordable, further

fueling interest in biomedical diagnostics.3

The retina, an extension of the central nervous system (CNS),4 provides crucial insights into

CNS-related conditions such as multiple sclerosis, Alzheimer’s disease (AD), and stroke.

Conventional retinal imaging techniques, including fundus imaging, retinal angiography, and

optical coherence tomography (OCT), are widely employed to investigate retinal biomarkers

such as oxygen saturation and retinal layer thickness. However, these methods have inherent

limitations. Angiography is invasive, whereas fundus imaging and OCT, although noninvasive,

are incapable of measuring blood vessel oxygenation. By contrast, HSI offers a compelling alter-

native by detecting specific spectral signatures associated with retinal biomarkers. Specifically,

several retinal biomarkers can be detected using HSI. Oxygenation rate, or sO2 for short, mea-

sures the percentage of oxygen bound to hemoglobin as a percentage of maximum possible oxy-

gen bound. Because oxyhemoglobin and deoxyhemoglobin have different absorption

coefficients,1 HSI can estimate the ratio of bound hemoglobin to unbound ones. The diameter

of the arterioles and venules can serve as predictors of retinal physiology.5,6 They can be mea-

sured if the magnification factor of the HSI system is known. Using either of these biomarkers in

the retina, HSI has demonstrated its effectiveness in monitoring diabetic retinopathy, radiation

retinopathy, age-related macular degeneration (AMD), and alzheimer’s disease (AD).5–9

Despite these advances, retinal imaging using HSI presents various technical challenges. For

instance, protecting the retina from excessive exposure requires minimizing imaging duration

and ensuring that illumination levels remain within safe limits.3 These constraints influence the

choice of spectral acquisition hardware. Push-broom and spectral-scanning cameras, while

capable of high spectral resolution, often take several seconds or up to minutes to complete

a single scan, making them impractical for retinal imaging. Snapshot hyperspectral imaging sys-

tems, particularly those leveraging spectrally resolved detector arrays (SRDAs), offer a viable

alternative by capturing hyperspectral data in real-time. SRDAs utilize CMOS sensors with

mosaic-patterned filters to create hypercubes through processing. Recent engineering innova-

tions have made SRDA systems increasingly attractive for retinal imaging due to their compact

form factor (weigh less than 100 grams) and their fast acquisition time (orders of milliseconds per

hypercube).3 However, SRDA-based snapshot systems face trade-offs, most notably in spatial

resolution. The lower raster size of their images can obscure critical microvascular details

necessary for accurate diagnosis.

To address these limitations, pansharpening techniques, which were commonly used in

remote sensing, have been employed to combine low-resolution hyperspectral images with

high-resolution monochromatic images to create high-resolution hyperspectral data. Although

pansharpening has been extensively applied in remote sensing,10–12 its use in biological imaging

remains limited, with only a few notable examples, such as the work by Ma et al.13 Building on

this idea, we propose a novel dual-camera system that integrates snapshot hyperspectral imaging

with high-resolution RGB imaging. Our approach is an extension of the topical endoscopy fun-

dus imaging (TEFI) system, which is a cost-effective method to image retina of small

mammals.14 To enhance this system, we developed a software workflow capable of merging

hyperspectral and RGB images, resulting in high-resolution hyperspectral images. Unlike pre-

vious TEFI-based method that used a beamsplitter for simultaneous fluorescence and RGB im-

aging,15 our system is the first to incorporate hyperspectral pansharpening in a beamsplitter

configuration within TEFI.

Our contributions are: (1) The development of a high-speed, high-resolution hyperspectral

imaging system capable of robust imaging in an animal model. (2) An in-depth investigation of

pansharpening methods applied to hyperspectral images of biological tissues. (3) A validation

study using retinal phantoms and in vivo mouse imaging, wherein we extracted retinal vessel

diameters and measured blood vessel oxygenation rates. This dual-camera system, combined

with advanced pansharpening techniques, offers a promising solution for high-resolution hyper-

spectral retinal imaging, opening new avenues for both diagnostic and research applications.
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2 Methods

2.1 Hardware Overview

2.1.1 System construction

Figure 1 shows the standard configuration of our system. The system consisted of a snapshot

hyperspectral imaging camera, a high-resolution RGB imaging camera (ToupTek C3CMOS

series, ToupTek Photonics, China), an optical beamsplitter (BS019, Thorlabs, Newton, New

Jersey, United States), an imaging endoscope (1218AA, Karl Storz, Germany), and fixed focal

length (FFL) imaging lenses. The HSI snapshot camera (MQ022HG-IM-SM4X4-VIS3, Imec,

Belgium) captured 16 bands of images at an image resolution of 270 × 510 pixels from 460 to

600 nm through bandpass filters arranged in an alternating pattern.16 The RGB camera is a stan-

dard scientific CMOS camera with an image resolution of up to 2048 × 3072 pixels. We

designed the system for the imaging of mouse retinas. However, the system is easily adaptable

for the human retina by simply using an endoscope with a larger diameter. The diameter of the

scope’s illuminating crescent should be similar to that of a fully dilated mouse pupil (around

3 mm).17 We chose an otoscope with a diameter of 3 mm and a length of 6 cm for this purpose.

Illumination was provided from a xenon illumination source (CLV-S200-IR, Olympus, Tokyo,

Japan) through a fiber guide. Finally, a series of fixed focal length lenses was needed to provide

magnification. Table 1 shows the configurations of our system. The system was placed on a

translation platform (PT1, Thorlabs, Newton, New Jersey, United States), which in turn was

placed on top of a rotational platform (SL20, Thorlabs, Newton, New Jersey, United States).

This gives our system four degrees of freedom (three rotations plus forward/backward transla-

tion) so that it can be used for a variety of targets.

2.1.2 Optical capability

We identified the closest focusing distance using a United States Air Force (USAF) 1951 res-

olution chart (Thorlabs, Newton, New Jersey, United States), with 54 markings divided into eight

groups of different resolutions. The resolution is determined by the smallest pairs of markings

Fig. 1 Diagram of the system used to produce both high-resolution RGB and hyperspectral

images simultaneously.

Table 1 Configurations of our systems.

RGB camera 2048 × 3072-pixel imaging camera

HSI camera 270 × 512 pixel × 16 channels HSI camera

Beamsplitter 70% transmitting, 30% reflecting non-polarizing
optical beamsplitter

Imaging scope 3 mm diameter borescope

RGB imaging lens 35 mm FFL lens

HSI imaging lens 25 mm FFL lens

Tran et al.: Development and validation of a high-resolution hyperspectral imaging. . .
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that can be resolved. A line is drawn through each pair of markings, and then a sine curve with

values ranging from Smin to Smax is fitted to the intensity value. The contrast between the lines

and the spaces was calculated using the formula contrast ¼ ðSmax − SminÞ∕ðSmax þ SminÞ.
18 With

the FFL lens at the nearest possible focus, we placed the target touching the tip of the scope.

Then, we slowly moved the target away until it was in focus. The distance translated was the

nearest focus of the system. The system is viable for mouse retinal imaging if the object distance

is farther than the nearest focus distance. We identified barrel distortion using the system to

image a square checkerboard grid. Distortion was automatically corrected using a customized

MATLAB program, and the correction amount was used for subsequent images.

Spectral performance of the snapshot camera was measured using color diffuse reflectance

standards made out of Spectralon (Labsphere, North Sutton, New Hampshire, United States).

There are eight tiles in total (blue, cyan, green, orange, purple, red, violet, and yellow). The

tiles were placed 5 mm from the distal end of the scope. For comparison, we independently

measured the reflectance using a spectrometer (Ocean Insight, Orlando, Florida, United States).

The setup used for measuring the spectral performance was similar to that used by Pruitt et al.19

The reflectance standards were placed at a distance 6 mm away from the tip of the endoscope, at

the location where the mouse would be situated. Illumination was provided by Xenon light

through a fiber optic light guide. The spectrometer used a fiber probe, which we pointed toward

the reflectance standard tiles. The values measured using snapshot camera and spectrometer were

compared against the calibrated value, which was measured by the manufacturer using a spectro-

photometer. We interpolated the reflectance measurements of the spectrometer and the factory

calibration data to the wavelengths of the HSI camera. The method used to calculate errors was

root mean square error (RMSE), which was defined as

EQ-TARGET;temp:intralink-;e001;114;460RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

P

N
i¼1ðxi − x̂iÞ

2

N

r

; (1)

where x̂i and xi are the factory calibrated and the measured intensity values of the spectral bands,

respectively, and N is the number of spectral bands sampled by the spectrometer or the HSI

camera.

2.2 Acquisition Steps

Animal experiments were conducted under Protocol 2023-0098, approved by the University of

Texas at Dallas Institutional Animal Care and Use Committee (IACUC). Using the system

described, we acquired hyperspectral images of the retina in C57BL/6 black mice and wild-type

mice (Jackson National Labs, United States). Our procedure was based on the procedure

described by More et al.20 Fifteen minutes prior to the anesthesia, we applied 2.5% phenylephrine

hydrochlorine and 0.5% tropicamide onto each eye for pupil dilation. Mice were anesthetized by

inhalation of 5% isoflurane mixed with medical air until immobile, then remained anesthetized

by inhalation of 2% isoflurane. Mice were placed in a customized imaging platform [Figs. 2(a)

and 2(b)] that allowed restraints and rotations of the animal. We applied local anesthetic

(Proparacaine, Fisher Scientific, United States), followed by a gel eye drop (Genteal Tears,

Alcon, United States) to the cornea. We placed mice on top of the vertical translation platform,

then rotated the imaging platform toward the surface of the cornea [Fig. 2(c)]. Then, we trans-

lated the entire imaging system forward until the scope contacted the cornea at a direct angle

[Fig. 2(d)]. We then changed the focus on the FFL lens until the retina was in focus. The exposure

time for the RGB camera was 100 ms, whereas the exposure time for the HSI camera was 200 ms.

The entirety of imaging lasted less than 5 min per mouse, which was enough for the anesthetized

mouse to return to its cage and recover.

2.3 Generating High-Resolution Hyperspectral Images

To produce high-resolution images, we created an automatic imaging workflow. The workflow

has three stages: pre-processing, registration, and pan sharpening. For preprocessing, the same

pipelines were used for RGB images and hyperspectral images. The images were corrected with

white and dark references using the following equation:

Tran et al.: Development and validation of a high-resolution hyperspectral imaging. . .
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EQ-TARGET;temp:intralink-;e002;117;378I ¼
Iraw − Idark

Iwhite − Idark
; (2)

where Iraw is the raw acquired image, Idark is the dark reference image, Iwhite is the white reference

image, and I is the final corrected image. This method also achieves white-balance correction in

the RGB image. To get the white reference image, we used the cameras to image a Spectralon tile

placed 4 mm away from the endoscope tip, which was the object distance of the mouse retina.

We registered the high-resolution RGB images to low-resolution hyperspectral images under

the conditions that only translation, scaling, and rotation are involved. Registration was per-

formed manually and done in Photoshop software. For clarity, we used the term “hyperspectral

images” to refer to the original image of 510 × 270 × 16 pixels and used the term “pansharpened

images” to refer to the 3072 × 2048 × 16 images that are the product of combining the RGB

image and the HSI.

2.3.1 Methods

We tested several different methods for image pansharpening and compared multiple published

methods in our application. A list of the tested methods is shown in Table 2. In general, pan-

sharpening assumes that a higher-spatial-resolution image (here, the registered RGB image) con-

tains spatial detail that can be transferred to a lower-spatial-resolution spectral data product (here,

the HSI cube) without substantially altering its spectral signatures. After registration, the RGB

image is used to estimate high-frequency spatial structure, such as edges and fine textures, which

is then injected into each hyperspectral band through a fusion rule that either modulates the band

intensities or adds a high-pass detail component. The resulting product preserves the band-wise

spectral information from the HSI while adopting the spatial detail implied by the higher-

resolution RGB image, yielding a hyperspectral cube at improved spatial resolution. The choices

of methods were taken from a review paper by Javan et al.24 Bicubic interpolation (BCB) resam-

ples the image using cubic convolution. The Brovey algorithm (BV) combines spectral and

Fig. 2 Acquisition of mice retinal images. (a) Mouse placed under anesthesia in our customized

platform. (b) Mouse eyes were dilated with phenylephrine and tropicamide. (c) Fully dilated eye,

from the viewpoint of the endoscope. (d) System acquisition of mouse eye.
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panchromatic images by normalizing and scaling each band.21 Gram-Schmidt (GS) uses ortho-

gonalization to merge the images.24 Adaptive Gram-Schmidt (GSA) uses least-squares minimi-

zation to generate images prior to merging using GS.24 Generalized intensity-hue-saturation

(GIHS) method transforms the spectral image into intensity, hue, and saturation components,

replaces intensity with the panchromatic image, and converts it back.21 High-pass filtering

(HPF) adds spatial details from the panchromatic image.24 Undecimated discrete wavelet trans-

form (UDWT) injects details using wavelet decomposition.22 In addition, we tested several deep

learning-based architectures, including a convolutional neural network architecture from Masi

et al.,11 supervised generative adversarial network (GAN) from Liu et al.23 and Ma et al.,12 and

unsupervised U-Net from Ma et al.13

Our experiments found that PSGAN is the best-performing method for pansharpening.

Hence, it is of the reader’s interest that we describe its working further. PSGAN consists of two

networks: a generator and a discriminator. The architecture of the generator is that of a U-Net.

The U-Net architecture in this generator is three layers deep and two layers wide. After regis-

tration, the RGB image is perturbed by a small random adjustment in hue, saturation, and value to

preserve the underlying spatial structure while introducing slight spectral variation. The output of

the generator is a high-resolution HSI ðHSIHRÞ, with the same height and width as that of the

RGB image and the same number of channels as that of the HSI. The high-resolution HSI is

down-sampled by a factor of 4 using a bi-linear sampling algorithm. The output will be a low-

resolution HSI (HSILR), with the same dimension (height, width, and number of channels) as that

of the original HSI input. A spectral loss function compares the low-resolution HSI with the input

HSI for spectral loss Lspectral ¼ RMSEðHSILR − HSIinputÞ. Similarly, a perceptual loss (spatial

loss) function is derived from a pretrained VGG network, which compares the activation output

at different layers:

EQ-TARGET;temp:intralink-;e003;114;147Lspatial ¼
X

l

1

ClHlWl

kϕlðHSILRÞ − ϕlðHSIinputÞk
2
2: (3)

Here, ϕl is the feature map extracted from the layer l of a pre-trained VGG network,

Cl; Hl;Wl are respectively the number of channels, height, and width of the feature map at layer

l of the pretrained network. kxk22 is the squared Euclidean norm of the vector x.

Table 2 Overview of methods tested in the paper to produce pansharpened

images.

Method Abbreviation

Classical Methods

Bicubic interpolation BCB*

Brovey algorithm21 BV*

Generalized intensity–hue–saturation21 GIHS*

Adaptive Gram-Schmidt GSA*

Gram–Schmidt GS*

High-pass filtering using 13 × 13 box filter HPF*

Undecimated/”à trous” wavelet substitution22 UDWT*

Deep Learning Methods

Convolutional neural network11 CNN

Generative adversarial network23 PSGAN

Unsupervised generative adversarial network12 PAN-GAN*

U-Net13 UN*

The star * indicates that the method is unsupervised.
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The generator’s objective is to minimize the combined loss function while simultaneously

fooling the discriminators into classifying the generated images as high-quality outputs.

Conversely, the discriminator aims to maximize its ability to distinguish real data from generated

outputs, thereby creating a competitive dynamic that enhances the generator’s performance over

successive iterations. For the spectral discriminator, the adversarial loss is given by
EQ-TARGET;temp:intralink-;e004;117;676

Ladv_spectral ¼ −E½logðDspectralðHSIrealÞÞ�

− E½logð1 − DspectralðHSIgeneratedÞÞ�: (4)

Similarly, for the spatial discriminator, the adversarial loss is
EQ-TARGET;temp:intralink-;e005;117;621

Ladv_spatial ¼ −E½logðDspatialðHSIrealÞÞ�

− E½logð1 − DspatialðHSIgeneratedÞÞ�: (5)

Here, E refers to the expected value (averaged log values), whereas D refers to the output of

the discriminator. The generator minimizes a weighted combination of the spectral loss and spa-

tial loss to balance spatial and spectral accuracy. The combined loss function is expressed as

EQ-TARGET;temp:intralink-;e006;117;542L ¼ αðLspectral þ μLspatialÞþ βðLadv_spectral þ γLadv_spatialÞ; (6)

where α and β are respectively the weighing factors for the generator loss and the discriminator

loss, whereas μ and γ are the weighing factors for the generator spatial loss and the adversarial

spatial loss, respectively. The generator was first trained by setting α ¼ 1 and β ¼ 0. Then, we

trained the discriminator using α ¼ 10−3, β ¼ 0.06, μ ¼ 0.2, and β ¼ 1.

2.3.2 Model training

The same training protocol was performed on all four deep learning-based pansharpening meth-

ods. Model training was performed using the Harvard dataset.25 The Harvard Real-World

Hyperspectral Images Database is a publicly available benchmark of real indoor and outdoor

scenes captured under controlled illumination, with each image providing 31 spectral bands

across the visible range (∼420 to 720 nm). It is commonly used to train and evaluate methods

that learn mappings between low- and high-resolution spectral content because it supplies dense,

band-aligned spectra at each pixel. The dataset consists of 50 real-life images of dimension

1392 × 1040 × 31 (h × w × c). During the training, we randomly cropped each image to a size

of 256 × 256 pixels. The low-resolution image was generated by downsampling the high-

resolution HSI to a size of 64 × 64 pixels, then adding random Gaussian noise. The goal of

training was to produce high-resolution HSI patches of size 256 × 256 × 16 pixels. Evaluation

was performed on the CAVE dataset.26 The CAVE Multispectral Image is another standard

benchmark consisting of laboratory-captured scenes provided as reflectance data sampled from

400 to 700 nm in 10 nm steps (31 bands), typically at 512 × 512 spatial resolutions. For this

dataset, we center-cropped every image to a size of 256 × 256 pixels. Training was performed on

a high-performance GPU cluster consisting of 8 NVIDIA 64Gb GPUs. Trainings for deep learn-

ing methods were performed using Adam optimizer with a learning rate of 1 × 10−4, mean

squared error (MSE) loss, and a batch size of 16.

2.3.3 Evaluation
We employed several metrics to evaluate pansharpening techniques. The goal is to ensure that the

pansharpened, high-resolution image preserves both the spectral fidelity (compared to the hyper-

spectral image captured by the snapshot camera) and the spatial fidelity (compared to the RGB

image captured by the CMOS camera). The final pansharpened images were compared to the

ground truth in our training dataset. We used spectral angle mapper (SAM), RMSE, error relative

global dimensionless synthesis index (ERGAS), and two-dimensional correlation coefficient

(CC) to compare the spatial and spectral distortion.10 Let H be the ground truth hyperspectral

image (the original hyperspectral image), and let P be the result of the pansharpening algorithm.

Let x, y, and z be the coordinates of the pixels in the images, with z being the spectral dimension.

SAM compares the angle between the corresponding pixels i in the fused image and the original

image using the following equation:
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EQ-TARGET;temp:intralink-;e007;114;736SAM ¼
1

Nx

1

Ny

X

Nx

x¼1

X

Ny

y¼1

arccos

�

hHðx;yÞ; Pðx;yÞi

kHðx;yÞkkPðx;yÞk

�

(7)

The SAM metric is obtained by averaging the angle measurements across all pixels.

A smaller SAM value represents better spectral similarity, with a minimum value of 0.

ERGAS is a refinement of RMSE by accounting for errors across different bands. ERGAS is

defined as follows:

EQ-TARGET;temp:intralink-;e008;114;648ERGAS ¼
100

4

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1

C

X

C

z¼1

�

RMSEðHz; PzÞ

μðHzÞ

�

2

v

u

u

t : (8)

The ratio 100/4 came from the ratio between the size of the small hyperspectral image and

the large RGB image. C is the number of channels, and H[j] indicates the jth spectral channel.

Smaller ERGAS is better, with a minimum value of 0.

Two-dimensional correlation coefficient (CC) score measures how well two images agree

with each other. It is defined as

EQ-TARGET;temp:intralink-;e009;114;537CC ¼

P

x;yððHðx;yÞ − μHÞ⊙ðPðx;yÞ − μPÞÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

P

x;yðHðx;yÞ − μHÞ
2
P

x;yðPðx;yÞ − μPÞ
2

q : (9)

Here, μH and μP indicates the mean of H and P, respectively. The symbol ⊙ indicates an

element-wise product (Hadamard product). CC score ranges from 0 to 1, with higher CC score

being better.

2.4 Measuring Vessels’ Diameters

2.4.1 Algorithms

We converted measurements made in retinal images to physical size, i.e., converting pixel values

to microns. We did not attempt to perform any theoretical evaluations to estimate the retinal

magnification factor of the mouse eye. Instead, we proposed an engineering-based approach

to calculate the magnification factor. First, we imaged the mouse retinas under anesthesia.

With the tip of the endoscope touching the cornea, we adjusted the FFL lens so that the retina

was in focus. The distance between the tip of the endoscope and the back of the retina is the

object distance (do for short). This distance is not exactly known; we assumed do to be the diam-

eter of the eyeball. Keeping the same focus on the FFL lens, we placed the USAF target at the tip

of the endoscope. Then, we slowly moved the USAF target away from the lens until the markings

were in focus. The distance between the tip of the endoscope and the USAF target is the image

distance (di for short). With the assumption that the eye contains a single crystalline lens, we can

find the magnification factor of the mouse eye:

EQ-TARGET;temp:intralink-;e010;114;269Meye ¼
di

do
: (10)

To find the pixel-to-micron ratio of the optical system, we placed a microscope graticule (a

glass piece with a measurement scale on its surface) at the same distance away from the endo-

scope tip as the image distance. The micron-to-pixel conversion factor of the endoscope is

EQ-TARGET;temp:intralink-;e011;114;197msystem ¼
1000

Number of pixels to cover 1 mm
: (11)

The total magnification of the system when imaging mouse eyes is the product of the lens

magnification factor and the endoscope system magnification factor. Its unit is micron/pixel:

EQ-TARGET;temp:intralink-;e012;114;136mconversion ¼ msystem ×Meye: (12)

We used ImageJ software27 to measure the diameter of the vessels in pixels. The diameter of

the vessels was converted to physical values using the following equation:
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EQ-TARGET;temp:intralink-;e013;117;514Size in μm ¼ Size in pixel ×mconversion: (13)

Figure 3 illustrates the principles behind our magnification equation. The object located at O

is the back of the retina, which we wanted to image. The eye lens Leye produces an image located

at I1. The scope and the FFL Lscope produces an image located at I2 that is measured by the sensor.

Assuming that the scope and the lens are in close contact with each other, do approximate the

distance between the object and the scope, and d1 approximates the distance between Image I1
and the scope.

2.4.2 Validation

We validated diameter extraction on a series of mouse retinal phantoms. Mouse retina phantom

was 3D printed by modifying a design by Hosseinaee et al.28 Figures 4(a) and 4(b) shows the 3D

model of the mouse eye phantom. The lens holder was created to model the lens size, axial

length, and focal length of a mouse eye. Our lens holder accommodates a model mouse lens

(4 mm lens, Uxcell, Hong Kong, China) with a diameter of 4 mm (∼0.16 in) and a height

of 2.3 mm (∼0.09 in), effectively simulating the natural curvature of a mouse lens. One key

aspect considered during the design process was the smaller vitreous-to-lens ratio in mouse eyes

compared with human eyes. In mice, the lens occupies nearly 75% of the eye. To replicate this

proportion, the anterior chamber phantom features a spherical interior with a diameter of

3.10 mm (∼0.10 in) and a depth (focal length) of 3 mm (∼0.12 in) from the lens. The design

process was carried out using Creo Parametric computer-aided design (CAD) software. The final

design uses generic PLA white filament as its material, which has an average assumed rate of

shrinkage range of 0.8% to 3%. The model was 3D printed using a Bambu Lab X1 Carbon 3D

printer with a 0.4 mm (about 0.02 in) nozzle head. The interior of the retina phantom was filled

with carbon fiber strands [Fig. 4(c)]. Using the algorithms described earlier, we identified the

focus of the FFL lens such that carbon fiber strands in the optical model were clearly seen. Then,

we removed the lens from the optical model and measured the lengths of the fiber strands using

an upright microscope. The lengths of the carbon fiber strands calculated using the magnification

formula were compared with the lengths of the strands measured using the microscope.

2.5 Measuring Vessels’ Oxygenation

2.5.1 Algorithms

The spectra of the blood vessel are dependent on the surrounding background (the retina); hence,

we need to subtract the influence of the retina from the vessel. To accomplish this, every pixel

within the blood vessel is divided by the average spectrum of the surrounding retinal background

in an 11 × 11-pixel window. Then, the blood vessel reflectance spectrum R was converted to

optical density OD using the formula OD ¼ −log10 R. Then, the optical densities were

Fig. 3 Simple ray diagram that illustrates the reasoning behind our magnification equation.
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normalized using spectral normal variance (SNV) normalization. SNV subtracts the optical den-

sity (OD) by its mean μOD, then divides by its standard deviation σX using the formula

SNV ¼ ðOD − μODÞ∕σOD. Then, we used multiwavelength curve fitting to estimate the oxygen

saturation values.29 For each pixel within the blood vessel, we found the solution of the following

equation:

EQ-TARGET;temp:intralink-;e014;114;331ODðλÞ ¼ B − N lnðλÞþA½μHbO2
ðλÞþ ð1 − sO2ÞμHb� (14)

Here, B and N are the constant terms that model the linear and non-linear scattering con-

tributions, respectively. A is the thickness of the blood vessel (which scales the absorbance

according to the Beer–Lambert law). sO2 is the oxygen saturation that we wanted to find.

The values of μHbðλÞ and μHbO2
ðλÞ are the wavelength-dependent absorption coefficients of

deoxygenated and oxygenated hemoglobin, respectively. To find the endmembers values of

μHbðλÞ and μHbO2
ðλÞ, we acquired the spectra of fully oxygenated and fully deoxygenated blood

with our system. Oxygenated sheep blood was diluted into PBS solution to enhance the spectral

differences in the visible light range. By mixing sodium dithionite30 into a well plate containing

sheep blood, we were able to obtain fully deoxygenated sheep blood. The oxygen saturation of

the blood samples was independently verified using a blood gas analyzer (Stat Profile Prime Plus,

Nova Biomedical, Massachusetts, United States). Figure 5 shows the absorption spectra of oxy-

genated and deoxygenated blood, as captured by our hyperspectral camera. These spectra were

different from the spectra obtained by Prahl et al.31 due to the filter response in our camera.

2.5.2 Validation
To validate the oxygenation algorithm, we performed the following experiment with mice under

anesthesia: mice were anesthetized using medical air (21% oxygen). After the first set of retinal

images was captured, we replaced the medical air with pure oxygen (100% oxygen) and took a

second set of retinal images. Previous studies showed that retinal oxygenation changed when

Fig. 4 Design of the mice retinal phantom. The dimensions are stated in mm. Panel (a) shows the

designs and dimensions of the iris phantom. Panel (b) shows the printed system with the lens in

place. Panel (c) shows the interior chamber filled with carbon fiber strands.
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breathing pure oxygen.32 By comparing the oxygenation rate within the same vessel before and

after breathing pure oxygen, we showed changes consistent with the literature.

3 Results

3.1 System Optical Performances

The nearest imaging distance of the system was 1.9 mm. Experiments showed that the imaging

distance of the mouse retina ranges from 3.5 to 4 mm, which means that the system is fully

capable of imaging mouse retina in focus. Figure 6 shows that the spatially resolvable resolution

achieved by the system was 57 line-pairs∕mm, or 17.5 microns. Figure 7 shows the respective

diffuse reflectance curves from the HSI camera, spectrometer, and factory-calibrated values for

each of the eight calibration tiles. Table 3 shows the RMSE of the HSI camera intensity and the

spectrometer-measured value. The camera has an RMSE of 3.87� 1.89 × 10−2, and the

spectrometer has an RMSE of 2.39� 1.85 × 10−2. The results showed that the HSI camera can

achieve spectral accuracy comparable to that of a spectrometer.

3.3 Pansharpening Results

Table 4 shows the quantitative results of the different pansharpening algorithms. Figure 8 shows

the results of applying pansharpening onto the retinal images. Figure 9 shows the results of

applying pansharpening onto the USAF calibration target. We found that the hyperspectral image

suffered from some motion blur. The results show that the Brovey method (BV), high-pass

Fig. 6 (a) USAF target with resolvable resolution (contrast > 0.05) highlighted. (b) The intensity

curve of the highlighted section.

Fig. 5 Panel (a) shows the absorption coefficient of fully deoxygenated (blue) and fully oxygenated

(red) blood, plotted from data by Prahl et al.31 Panel (b) shows the normalized optical density of

fully deoxygenated (blue) and fully oxygenated (red) blood, taken by our hyperspectral imaging

camera.
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Table 3 Comparison between reflectance values measured by

HSI camera and spectrometer.

Tiles color
Camera RMSE

(×10−2)
Spectrometer
RMSE (×10−2)

Blue 6.15 1.13

Cyan 4.52 3.54

Green 2.39 1.15

Orange 3.01 5.36

Purple 0.95 0.89

Red 3.58 0.44

Violet 3.70 4.55

Yellow 6.65 2.09

Average ± St. Dev. 3.87 ± 1.89 2.39 ± 1.85

Fig. 7 Comparison between HSI camera intensity, spectrometer-recorded values, and factory-

calibrated values.
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Table 4 Quantitative result of pansharpening applied onto the test dataset. Bolded values mark

the best performance on each metric.

Method CC RMSE (×100) ERGAS SAM

BCB 0.94 ± 0.08 4.64 ± 1.87 3.87 ± 2.38 0.04 ± 0.02

BV 0.94 ± 0.03 6.31 ± 2.76 6.15 ± 5.97 0.04 ± 0.02

GIHS 0.94 ± 0.03 6.11 ± 2.53 6.18 ± 6.27 0.11 ± 0.09

GS 0.94 ± 0.03 6.10 ± 2.53 6.09 ± 6.17 0.11 ± 0.09

GSA 0.94 ± 0.05 6.27 ± 2.74 6.65 ± 8.85 0.11 ± 0.09

HPF 0.96 ± 0.03 5.65 ± 1.66 4.80 ± 2.29 0.08 ± 0.04

UDWT 0.98 ± 0.01 2.74 ± 0.86 2.57 ± 1.93 0.05 ± 0.02

CNN 0.95 ± 0.05 2.33 ± 0.70 2.73 ± 2.45 0.07 ± 0.03

PSGAN 0.96 ± 0.05 2.15 ± 0.64 2.37 ± 1.71 0.06 ± 0.03

PAN-GAN 0.95 ± 0.05 4.01 ± 0.99 4.22 ± 2.96 0.10 ± 0.08

UN 0.88 ± 0.08 5.29 ± 1.34 6.78 ± 5.21 0.15 ± 0.07

Fig. 8 Comparison of different pansharpening methods used to produce pansharpened image of

the mouse retina. For purposes of visualization, the hyperspectral images were converted into

pseudo-RGB using a method by Ma et al.33 Because the conventional RGB image is captured

by an RGB camera with an unknown response curve, we did not try to accurately recreate its color.

The methods were described in Sec. 2. (a) Conventional RGB image. (b) Bicubic interpolation.

(c) Brovey method, (d) IHS, (e) GS, (f) GSA, (g) HPF, (h) UDWT (i) CNN, (j) U-Net,

(k) PSGAN, (l) PAN-GAN.
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filtering (HPF), and methods based on neural networks best preserved the high-resolution struc-

tural details. PAN-GAN and U-Net models, owing to the fact that they were trained on unsu-

pervised data, produced metrics that were slightly worse compared to other deep learning-based

methods. We found that PSGAN produced the right balance between quantitative metrics and

qualitative output. As such, for the analysis performed in the next sections, we use the pansharp-

ened hyperspectral image produced by PSGAN. Figure 10 shows a selection of single-band

images from the pansharpened hyperspectral image produced by PSGAN.

3.2 Measuring Vessels’ Diameters

We measured the magnification factor of the phantom model mouse eye to be 1.2×, the optical

magnification of the endoscope system at image distance to be 2.15 μm∕pixel, and the conver-

sion factor for retinal image to be 1.8 μm∕pixel. Figure 11(b) shows a scatterplot of lengths

estimated by our magnification factor algorithm and the actual measured value, showing an error

rate of 7.6� 5.6%. This shows that our conversion algorithm produces reasonable approxima-

tion of small details within the phantom retina.

We applied the vessels’ diameter algorithm into live mice. Six eyes from three black-6 mice

were used for our measurement. Within each mouse, 7-12 major vessels were found surrounding

the optic nerve. The average lumen diameter of the venules was 45.7� 13.6 μm, whereas the

average lumen diameter of the arterioles was 31.5� 8.7 μm. Literature shows that the diameter

of retinal vessels in mice can range from 3.2 to 45.8 μm,34 which agrees with our measurements.

There is a difference in the diameter of venules versus arteries. Because venules have more

flexible lumens, they in general have larger lumen diameters.

3.4 Measuring Vessels’ Oxygenation

Figure 12(a) shows the oxygenation map of the retina of a mouse breathing medical air (21%O2).

Figure 12(b) shows the oxygenation map of the retina of the same mouse breathing pure oxygen

(100% O2). Three vessels were found to have reduced oxygen saturation, likely because they

Fig. 9 Comparison of different pansharpening methods used to produce pansharpened images

of the USAF targets. The methods were described in Sec. 2. (a) Conventional RGB image.

(b) Bicubic interpolation. (c) Brovey method, (d) IHS, (e) GS, (f) GSA, (g) HPF, (h) UDWT,

(i) CNN, (j) U-Net, (k) PSGAN, (l) PAN-GAN.
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Fig. 10 (a) Original hyperspectral image of the retina. (b) Pansharpened hyperspectral image of

the retina produced using the PSGAN method.

Fig. 11 (a) Retinal phantom image taken using our endoscopic system; (b) Differences between

estimated and actual size of carbon fiber strands. Dashed lines indicate perfect linear correlation.
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were venules. Examination of the optical densities of the vessels shows that there is a difference

in the optical densities in the range 520 to 550 nm within the venules [Fig. 13(a)]. However, the

arterioles show little difference in the optical densities [Fig. 13(b)]. We found consistent oxygen

saturation within vessels, with the exception being along the edges of the vessels and close to the

optic nerve. This is likely due to the fact that there is a significant presence of macular pigment

near the optic nerve, making correct observation difficult. This problem has also observed pre-

viously in the human retina.29 The median arterioles sO2 was 98%, whereas the median venules

sO2 was 58%.

4 Discussion and Conclusion

In this paper, we developed and validated a high-resolution hyperspectral imaging system and

pansharpening methods for the retina. This approach allows for the simultaneous extraction of

multiple retinal biomarkers, including oxygen saturation and the diameter of arterioles and ven-

ules. Although pansharpening is used in remote sensing, its application to in vivo hyperspectral

imaging of tissues remains novel. Pansharpening methods were previously applied to histological

and ex vivo tissue data.13,35,36 This work extended its use to in vivo imaging. The technique com-

bines real-time hyperspectral acquisition capabilities of snapshot cameras with the high spatial

Fig. 12 (a) Oxygen saturation map of mouse breathing medical air. (b) Oxygen saturation map of

the same mouse breathing pure oxygen.

Fig. 13 Differences in the optical density of the same mouse, breathing medical air (orange) and

breathing pure oxygen (blue). (a) Optical densities of arteriole showing no differences. (b) Optical

densities of venule showing differences in the range 520-550 nm.
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resolution of RGB cameras, potentially eliminating the trade-offs between speed, spatial reso-

lution, and spectral detail that often limit hyperspectral imaging.

Through various trials and researching the literature, we developed a series of best practices

to achieve optimal retinal imaging. First, the application of tropicamide or phenylephrine alone is

not enough to achieve full eye dilation. Our experiences show that after repeated application of

tropicamide, mice start to exhibit miosis (excessive constriction). A combination of 1% tropi-

camide and 1.5% phenylephrine achieved full dilation.37 Eye drops should be applied prior to

anesthesia or during a narrow anesthesia plane (1.5% to 2% isoflurane). Best practice is to apply

eye drops to mice 15 min prior to anesthesia, then keep the mice in cages in darkness to facilitate

mydriasis. Second, care must be taken to avoid cataracts. During anesthesia, immediately apply

eye drops with gel-like strength. Regular strength eye drops are not viscous enough to hydrate the

cornea long. We do not recommend ophthalmic ointments because they appear opaque. Gel

drops must be applied to both eyes and monitored frequently every 2 min. If a cataract occurs,

retry imaging within 6 hours. Best practice to prevent cataract is that after eye gel is applied, a

lens is placed on top of the eye to keep the moisture.38 We used a plano-concave lens (LC2969,

Thorlabs, Newton, New Jersey, United States) for this purpose. Furthermore, mice should be kept

warm and insulated to prevent cataracts. When positioning the mouse’s eyes for imaging, make

sure to rotate the mouse so that the pupil appears as a circle on the viewing camera. This angle

produces the best view for the retinal structure. With proper preparation, retinal imaging is quick

to perform.

However, this method has limitations. Adding optical components, such as beam splitters,

reduces the light reaching each sensor, which is a concern for retinal imaging where low illumi-

nation and fast acquisition are critical to prevent eye damage and motion artifacts. We used a

70-30 beam splitter to divide light between the HSI and RGB cameras, but future designs could

explore more optimal configurations. The study established preliminary results on one sample.

However, future studies can demonstrate replications of multiple animals. Training the pansharp-

ening network required a customized dataset captured with our snapshot camera, underscoring

the need for researchers to develop specific datasets for biological tissues. Currently, there

is no research examining whether pansharpening networks trained on satellite imagery can

be effectively transferred to medical imaging tasks, presenting a promising avenue for future

investigation.

This hyperspectral imaging method shows potential for application to human retinas. Unlike

imaging in small mammals, integrating pansharpening with modern fundus cameras for human

use is straightforward due to the availability of compatible systems and extensive literature on the

optical properties of the human eye. These resources could facilitate more accurate modeling of

the eye’s magnification factors. By producing high-resolution hyperspectral images of retinal

microvasculature, this noninvasive imaging technique, when applied to humans can potentially

enhance diagnostic capabilities.
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