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Chapter 1

Hyperspectral microscopic imaging in
cancer research

Ling Ma and Baowei Fei

Digital and computational pathology is an active research area that aims to improve
the reproducibility and objectivity of pathological diagnosis and save time in routine
examination [1]. Machine learning techniques, particularly deep learning models,
have played an essential role in digital pathology [2]. Various studies of deep
learning-based cancer detection in whole-slide digitized histological images have
been investigated, and most of them were carried out in RGB images. Hyperspectral
imaging (HSI) and multispectral imaging (MSI) are emerging optical imaging
techniques, which are noncontact, noninvasive, nonionizing, and label-free [3].
HSI generates a three-dimensional (3D) data cube, also known as hypercube, which
contains a series of 2D grayscale images across a wide electromagnetic spectrum
from UV to mid-infrared (MIR) [3, 4]. The main difference between HSI and MSI is
the number of spectral bands within the data cube. A data cube acquired by MSI
usually contains 3–10 bands, while that acquired by HSI has tens or even hundreds
of narrow spectral bands [5]. HSI was originally developed for remote sensing, but it
has been gaining attention in the medical imaging field [3]. In histopathology, HSI
utilizes the optical properties of human tissue such as transmittance and fluores-
cence, which are related to tissue microenvironment or biochemical constitutents [3,
4], and it can provide tissue pathophysiology through spectral characteristics.
Therefore, it is promising for disease diagnosis and histology research.

Studies have proven the usefulness of HSI in microscopy applications [6–14]. One
of the promising applications for this technology is employing HSI for whole-slide
imaging (WSI) to aid the histopathological cancer detection of tissue samples
because HSI not only provides a reproducible and quantitative diagnosis of the
slides but also improves the classification results compared with RGB [11, 12, 15,
16]. Although various steps such as fixation and embedding during the preparation
of the histological samples may alter a few tissue features, such as the texture and the
water content, lots of important molecules such as proteins are preserved in the
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tissue slides. The light absorption, scattering, and autofluorescence of these
molecular components all contribute to the spectral characteristics in hyperspectral
histological images [17, 18], which provide a different perspective from the tradi-
tional gross-level reflectance HSI. Even for the dyes, HSI can expand the three-
channel color information into a much wider spectral dimension, which might
increase the discriminability.

1.1 Hyperspectral microscopic imaging mechanisms
HSI can be classified into four types according to its acquisition mode, namely
whiskbroom (point-scanning), spectral-scanning (wavelength-scanning), push-
broom (line-scanning), and snapshot [3, 5]. The point-scanning mode is to scan
the object point-by-point, which is very slow and not commonly used anymore.

Line-scanning hyperspectral imaging systems, in other words, push-broom
systems, tend to have a good spatial and spectral resolution. It is a popular
hyperspectral image acquisition method for its high resolution and large availability.
However, it requires relative motion between the camera and the object (histologic
slide) [14, 19]. The camera captures one line of pixels of the scene (y-axis) at one
time. The other spatial dimension (x-axis) is obtained by moving the field of view
(FOV) of the camera in that direction. Push-broom cameras are the most common
systems in remote sensing field and other industrial sectors due to their high spectral
resolution, showing reduced capturing times with respect to the whiskbroom
cameras [5, 20]. When using push-broom cameras in microscopy, the relative
motion between the camera and the object, which is the histology slide, is usually
achieved by employing a motorized stage that is synchronized to the camera
acquisition [6, 19]. If movement artifacts occur during the acquisition period, the
spatial aliasing can cause an issue and significantly reduce the image quality [20].
Meanwhile, due to the intrinsic of push-broom cameras, each frame only contains
the spatial information of a line in the object. Therefore, it can be slightly difficult to
focus the camera by evaluating the sharpness of limited spatial components.

Based on the mechanism of line-scanning, some cameras move the translational
mechanism inside. So, instead of moving the motorized stage, a servo motor drives
the imaging sensor behind the diffraction grating to finish the scanning process
internally [21, 22]. In addition, a type of commercial hyperspectral device called a
‘snapscan’ camera was developed [23] and actively used in hyperspectral microscopy
[10, 12, 16, 24–29]. The image sensor, which is overlaid by Fabry–Pérot filters,
moves inside of the camera along one spatial dimension. The bandpass values of the
filters varied across the translation direction, so by moving the sensor, both spatial
and spectral components are sampled. The significant improvement of both cameras
is that users no longer need to manage the synchronization of camera acquisition
and motorized stage.

The spectral-scanning method steps through the wavelength range and captures
one grayscale image of the whole FOV at each step. Similar to line-scanning, it also
takes good care of both the spatial resolution and spectral resolution [3, 5, 30].
Among the published studies, we found the spectral-scanning microscope systems
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being mostly employed, due to the fact that they have a good image resolution and
spectral resolution without the need of providing relative motion between the
camera and the slides, made them relatively easy to implement. Spectral-scanning
HSI systems are made of a monochromatic sensor and a spectral-scanning
component, which can be an electrical tunable filter, a filter wheel, or others. For
tunable filters, liquid crystal tunable filter (LCTF) [31–34] and acousto-optic tunable
filter (AOTF) [35–38] are two popular choices. When a relatively small number of
wavelength bands are needed, such as for fluorescence imaging, a set of filters on a
filter wheel [39, 40] would be sufficient and more cost effective. When a tunable filter
is used, the imaging system (tunable filter and monochromatic sensor) is mounted on
the microscope optical ports via a video adapter. For comparison, the tunable filter
is faster and easier for adaptation than a filter wheel, and it is capable of scanning
more spectral bands.

Snapshot hyperspectral cameras are able to capture the spatial and spectral
information simultaneously [5, 14, 30]. They are well-known for the small size, light
weight, and the lowest acquisition time. Commercial snapshot cameras usually have
filters integrated on the imaging sensor and they can be easily adapted to the
microscope simply through a video adapter [25]. In addition, Yu et al [41] developed
a snapshot hyperspectral microscopy system based on microlens array. Hedde et al
[42] developed an ultrafast phasor-based hyperspectral snapshot microscopy based
on sine/cosine interference filters for biomedical imaging not feasible with conven-
tional hyperspectral imaging methods.

The resolution of hyperspectral images depends on the specific imaging system, but
generally, spectral-scanning and line-scanning methods achieve better spatial and
spectral resolution than snapshot. Despite the fact that the video-rate acquisition speed
of snapshot cameras is beneficial for some intraoperative applications such as
hemodynamic assessment; the compromised spectral and spatial resolution might limit
their use in cancer histology studies at this stage. Nevertheless, all three acquisition
methods are applicable for adaptation with microscopes for histology analysis.

1.2 Automated whole-slide hyperspectral microscopic
imaging systems

Digital pathology is becoming a standard practice to analyze histological slides.
WSI, the process of scanning and digitizing the entire slide at 40× magnification for
later analysis, is an important part of the process. WSI uses a specialized scanner to
generates a large digital slide and specialized software to view, analyze, and annotate
the resulting image. A wide range of commercialized hardware and software have
been introduced in the last decade [1–4]. Researchers at large clinical institutions
created and published large histological whole-slide datasets publicly, such as
CAMELYON and BreaKHis [5, 6]. These datasets helped advancing research in
the area, especially in automating diagnostic methods. Computer-aided diagnosis
(CAD) relies on many of these datasets to train and validate their results.

There are challenges for training networks with hyperspectral histological images,
one of them being the lack of whole-slide hyperspectral data. The majority of
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histological HSI dataset were acquired manually. In order to promote HSI in
histology, it is very important to develop automated whole-slide hyperspectral
imaging microscope system.

1.2.1 Automated hyperspectral whole-slide imaging systems

With hyperspectral microscopy gaining popularity in recent years, there have been a
few studies developing and employing whole-slide hyperspectral microscopes.
Enfield et al [43] developed an in-house automated whole-slide hyperspectral
microscope system based on spectral-scanning imaging and used it to study the
spatial tumor-immune cell interactions associated with lung cancer recurrence. The
system consisted of a Zeiss microscope, a motorized x–y translational stage, a CRI
light filter, and an RGB camera. With a 20× objective lens, the microscope had a
spatial resolution of 0.33 μm pixel−1. The system used a continuously active focus
and was able to collect up to 16 spectral bands per hypercube within the wavelength
range of 420–720 nm. Once the area was imaged, the system stitched all overlapping
camera fields together to make a seamless hyperspectral image.

Ishikawa et al [21] built a whole-slide HSI acquisition system for cancer detection
in H&E-stained human pancreatic tumor tissue microarray (TMA) slides. Similarly,
this system contains an upright light microscope, a hyperspectral camera, and a
motorized x–y stage for the scanning of the slides. Different from the previous
spectral-scanning HSI, this setup employed a push-broom hyperspectral camera that
has an internal mechanical/optical shifting system. The camera takes 3∼7 s to
acquire a single hypercube with 480 × 752 pixels. It achieves about 5 nm spectral
resolution within the 400–800 nm wavelength range, which is determined by the
halogen light source. With a 20 × objective magnification, the system has a spatial
resolution of 0.25 μm pixel−1. During whole-slide scanning, the XY stage moves in a
serpentine fashion while Z focus with 2 μm increments was actively carried out. The
autofocus methods will be discussed in the next section.

Tran et al [26] employed a snapscan hyperspectral camera and developed a
customized automatic hyperspectral imaging microscopic system for whole-slide
scanning of head and neck cancer histological slides. Specifically, the snapscan
camera can capture the entire hyperspectral cube without camera movements. It
captured hyperspectral images with up to 150 wavelengths in the range 470–900 nm
with an image size of 2000 × 2000 spatial pixels. The camera had a full-width half
maximum value (spectral resolution) ranging from 3.1 nm at 487 nm to 11 nm at 900
nm. A commercial X–Y motorized stage was used for motion of the stage in the X–
Y-direction, in order to fulfill the whole-slide scanning. And a high-precision
encoded stepper motor focus drive was used for the motion in the Z-direction to
achieve automatic focus. In addition to the three main components (microscope,
camera, stage), this system also included a commercially available high-resolution
RGB camera, which was synchronized with the snapscan hyperspectral camera and
used to acquire standard histological images for visualization purpose. Not only
does the system carried out autofocus, but also reconstructed the whole-slide
hyperspectral image using a phase correlation-based method. For each pair of
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adjacent hypercubes, a 2D Hamming window and the 2D Fourier transform were
applied to the spectral band with the highest contrast in each hypercube; then, the
cross-power spectrum of the images was obtained by taking the complex conjugates
of the Fourier transform. Finally, by calculating the maximum value in the
normalized cross-correlation, the translation between two images was obtained.
Figure 1.1 shows the photo of the system and its workflow.

Furthermore, a terapixel hyperspectral whole-slide imaging system based on slit-
array detection and projection was developed by Liao et al [44]. A fabricated slit-
array mask was placed on the image plane of the microscope platform and relayed to
a 5-magepixel camera with a 4 f system. A wedge prism was placed at the Fourier
plane for light dispersion. This system scanned the sample along one spatial
dimension in a push-broom fashion and produces rapid hyperspectral data. In
addition, it uses two LEDs to acquire the focus map row-by-row in the sample,
which takes about 20 s per row. However, their system is highly dependable on
specific optical equipment and has rigid wavelengths selection.

1.2.2 Auto focus and extended depth of field (EDOF) imaging

One of the biggest tasks in automating HSI reliably is the problem of focusing. Liao
et al [44, 45] illuminated the sample with two green light-emitting diodes (LEDs)
from two oblique angles and recovered the focus points based on 1D

Figure 1.1. Whole-slide hyperspectral microscope system by Tran et al. (a) Customized, automatic hyperspectral
imaging microscopic system. (b) The flowchart for the whole-slide hyperspectral image acquisition [26].
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autocorrelational analysis, which required no axial scanning and worked for both
stained and transparent samples. A rapid focus map was acquired prior to the
acquisition of the hyperspectral image, which would later be used to guide the
whole-slide scanning.

However, depending on the mechanism used to produce the hypercube, different
wavelengths can have different optimal focal points. Determining the best focus for
each single wavelength during whole-slide scanning can be extremely time-consum-
ing. Zhang et al [46] tried to overcome this by proposing an algorithm that estimates
the optimal focus for different wavelengths. They proposed a Laplace operator-
based autofocus algorithm and calculated the focal offsets among different spectral
bands by deriving the relationship of wavelength and focal length. Therefore, the
focal length could be adjusted for each single wavelength with adaptive image
sharpness evaluation.

In the whole-slide hyperspectral microscope system developed by Tran et al [26],
they reply on the single frame of the snapscan camera sensor, which had integrated
Fabry–Pérot filters. A 3 × 3 filter kernel based on Brenner focus measure was
applied to the frames acquired at different z positions to calculate the focus score.
They performed 10 searches within 100 μm range and refined out search within
10 μm of the sharpest focus value. Finally, the z position that resulted in the frame
with the highest focus score would be selected as the best focus position. Specifically,
because snapscan camera sensors are integrated with filters of all spectral bands,
focusing for one frame takes into account all wavelengths and thus eliminates the
process of focusing for various bands one by one.

Furthermore, due to the changing thickness of histological slides and the varying
focal lengths of different wavelengths, various planes of best focus can exist in a single
image. This can lead to certain areas of a picture acquired being in focus while others
are out of focus, precluding the use of simple autofocus techniques, such as peak-
search or hill-climbing algorithms, which only try to select the image with the best
focus but ignore specific regions inside of each image [46]. EDOF is a technique for
ensuring that an image is in focus at all points. It takes different areas from multiple
images and forms a new image with the best focus. Rathgeb et al [25] proposed a novel
extended depth of field method for mosaic hyperspectral histological images acquired
with a snapshot camera. A stack of 2D mosaicked hyperspectral images of H&E-
stained histologic slides were acquired at different positions along the z-axis, and each
image was demosaicked into a 3D hypercube. Then, for each band in the hypercube, a
Brenner focus score was calculated for the stack of a small patch size, and the best
patch is taken from the stack. The patch size kept growing until not all areas in the
selected patch were in focus. Finally, all saved best patches were used to output a
hyperspectral histologic image that was in focus at every point.

1.2.3 Super resolution reconstruction

Despite that several techniques have been proposed to enhance the focus and image
contrast of hyperspectral histological images, the large file size and time-consuming
acquisition of hyperspectral images are still challenging. A whole-slide hyperspectral
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image acquired at a low magnification easily exceeds 100 GB and the acquisition
time can be from 10 min to 1 h. In some applications such as cancer detection, a
higher magnification (20 × or 40 ×) is necessary, which may put an extreme burden
on data storage devices and makes it difficult to establish a comprehensive hyper-
spectral microscopic dataset. State-of-the-art microscopes and whole-slide scanners
are integrated with autofocusing and extended focal imaging (EFI) algorithms for
RGB images. Since whole-slide scanning with a color camera has become routine in
the field of pathology, making use of such advantageous features with HSI
potentially improves the image quality of hyperspectral images.

Hyperspectral image super-resolution reconstruction (SRR), also known as HSI
pansharpening or HSI spatial resolution enhancement, is a technique that uses the
spatial information from a high-resolution (high-res) panchromatic image and the
color information from a low-resolution (low-res) spectral image to generate a high-
resolution spectral image [12]. Dey et al [78] adopted a linear degradation model to
super-resolve imaging mass spectrometry with hematoxylin and eosin (H&E)-
stained histological images, which neglected the nonlinearity in spectral responses
and resulted in slightly noisy images. Jiang et al [47] used the matrix factorization
method to fuse high-res RGB histological images and low-resolution hyperspectral
microscopic images acquired with a push-broom camera, but the method was only
tested for spatial enhancement scales of 3× and 4×.

Ma et al [12, 48] developed an unsupervised super-resolution reconstruction
network that takes the low-res HSI and high-res RGB as inputs and generates high-
res as well as low-res HSI for outputs. To consider different acquisition methods of
low-res hyperspectral images, five networks were trained with different super-
resolution scales, i.e., 2×, 4×, 5×, 8×, and 10×. The networks share the same
architecture with slight differences in the deconvolutional layer and average pooling
layer. Figure 1.2 shows the architecture of a 4 × super-resolution reconstruction

Figure 1.2. Unsupervised super-resolution reconstruction neural network by Ma et al [12]. * indicates the
parameters that change along super-resolution scales.
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network. The duplicated and stacked three channels (R, G, and B) of the input high-
res RGB are concatenated with the upsampled low-res HSI input along the spectral
dimension. A modified U-Net architecture took the concatenated patch as input and
output a high-res HSI patch. A 4 × 4 average pooling layer was applied to the
generated high-res HSI to output a low-res HSI patch with the same size as the input
low-res HSI. The purpose in this work is to generate high-resolution hyperspectral
images that have spatial contrast and details as clear as the high-res RGB images
and spectral signatures close to the original HSI. This was fulfilled by simultaneously
minimizing the spatial loss, which was the mean absolute error (MAE) between
average grayscale images of input stacked high-res RGB and output high-res HSI,
and the spectral loss, which was the mean squared error (MSE) between the input
and output low-res HSI.

In addition, Urbina Ortega et al [49] proposed a relatively low computationally
intensive algorithm for the spatial resolution enhancement of hyperspectral histo-
logical images. In this work, super-resolution reconstruction was achieved based on
a series of different hyperspectral images of the same FOV but with sub-pixel shifts.
A motion estimator computed the motion vectors for the low-res images in the
sequence, and the vectors were used to shift every low-res image in a higher
resolution grid. The same strategy was applied to each band using the same motion
vector matrix that was calculated in the artificial single-band representation
calculated via principal component analysis (PCA). Since no high-resolution RGB
or grayscale image was needed in this method, the system calibration and image
alignment between the high-res RGB and low-res HSI could be eliminated.

1.3 Multimodal hyperspectral microscope
Multimodal imaging involving hyperspectral imaging and another imaging modality
may take advantage of both methods in a single setup. Various imaging techniques
have been combined with HSI in microscopy applications, such as hyperspectral
confocal microcopy for discrimination of HaCaT and melanoma cells [50] and dark-
field hyperspectral imaging for nano-bio-materials detection [51]. Though not many
of them are directly related to cancer study, the technology shows potential to be
investigated.

1.3.1 Fluorescence imaging

Hyperspectral imaging is advantageous when used with fluorescence imaging, for its
capability of resolving light signals of different wavelengths while obtaining spatial
information. One important application of HSI in the medical field is to extract the
spectral signature of the recorded fluorescence signal to improve the accuracy of
disease detection or differentiation [5]. On the one hand, HSI can be used to
differentiate multiple distinct yet spectrally overlaid emissions via spectral decom-
position. On the other hand, it can be used to compute the quantitative estimates of
fluorophore concentration through the processing of the recorded signal, so it can
increase the system sensitivity to the fluorophore, enhance the contrast of fluo-
rescence image, and improve the accuracy of disease detection or tissue
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differentiation. Meanwhile, integrating fluorescence imaging and HSI into one
microscope system is fairly simple by switching the regular broadband light source
to a narrow band excitation light source.

Liu et al [31] employed hyperspectral microscopy to image DAPI-stained hepatic
carcinoma samples and analyzed the difference of fluorescent spectral characteristics
between the hepatic carcinoma cells and normal hepatic cells. With a support vector
machine (SVM) classifier, they achieved 99.3% sensitivity and 99.1% specificity in
differentiating two types of cells, proving HSI effective. In addition to exogenous
fluorescence, HSI is also useful with detection of endogenous fluorescence signals,
which are beneficial for diagnostic purposes. An excitation-scanning hyperspectral
imaging microscope was utilized to detect autofluorescence of colon sections to
differentiate neoplastic lesions [40]. The hyperspectral microscope worked in a
spectral-scanning fashion but replaced the tunable filter in front of the monochrome
camera with a thin-film tunable filter array after the Xe arc lamp light source. By
exciting the sample with light of different wavelengths, 39 spectral bands within the
360–550 nm range were acquired, from which the spectral signatures of neoplastic
and normal colon tissues were extracted. Linear spectral unmixing was then used to
estimate relative abundance of autofluorescence molecules including elastin,
NADH, FAD, collagen, and PPIX, which further facilitated the analysis of colon
neoplasia.

1.3.2 Polarized hyperspectral microscope

Polarized light imaging is an effective optical imaging technique to explore the
structure and morphology of biological tissues through obtaining their polarization
characteristics [52]. It can acquire the 2D spatial polarization information of the
tissue, which reflects various physical properties of the tissue, including surface
texture, surface roughness, and surface morphology information [53–57]. Polarized
hyperspectral imaging (PHSI) is a combination of polarization measurement,
spectral analysis, and space imaging technology. It can obtain the polarization,
spectral and morphological information of the object simultaneously [58–60], and
thus provides more image information for digital pathology compared to RGB
histological images.

Zhou et al developed a dual-modality optical imaging microscope by combining
hyperspectral imaging and polarized light imaging. They reported the use of the
PHSI microscope for distinguishing head and neck squamous cell carcinoma (SCC)
from normal tissue on H&E-stained slides based on the spectra of Stokes vector [17,
24, 28, 61]. The core components of the imaging system include an upright optical
microscope with an integrated halogen light source, two linear polarizers, two liquid
crystal variable retarders (LCVRs), and a customized snapscan hyperspectral camera.
The LCVRs and polarizers are for polarized light imaging. The transmissive axis of
Polarizer 1 was set at 45 degrees, while the transmissive axis of Polarizer 2 was at
0 degrees. The fast axis of LCVR 1 was set at 0 degree, and that of LCVR 2 at
45 degrees. The snapscan hyperspectral camera had a wavelength range of 470–750 nm
with 97 spectral bands as well as an image resolution of 1200 × 1200 pixels.
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The polarized light imaging components and hyperspectral imaging components
worked together to acquire images in the visible-infrared wavelength range. With the
LCVRs set to different retardance values, the system acquires four element images,
namely Ih, Iv, I45, and Irc, which were used to calculate the full Stokes vector (S0, S1, S2,
and S3) afterwards. The spectral signatures of four Stokes vector components show very
different shapes andmay help differentiate various cellular components. The customized
microscope is easier to be incorporated into the standard pathological analysis process
to work with the existing conventional optical microscope. Figure 1.3. demonstrates the
setup of the imaging system with transmissive axis orientations of the polarizers and the
fast axis orientations of LCVRs.

1.4 Applications of HSI in histological cancer detection
Hyperspectral microscopy has been actively investigated for cancer detection in
recent years, including head and neck cance (HNC) [13, 16], gastrointestinal cancer
[62], brain tumor [6], breast cancer [8], pulmonary cancer [63], pancreatic cancer
[21], skin cancer [79], and blood cancer [37]. Here, we discuss several major types of
cancer that hyperspectral microscopy has been mostly investigated in the recent
decade.

1.4.1 Head and neck cancer

HNC is the sixth most common cancer worldwide, and histologic slides of head and
neck cancer tissues are important for its histopathological analysis and diagnosis
[80]. Utilization of HSI for head and neck histological imaging may help facilitate
cancer detection as HSI provides extra spectral information. Maktabi et al [64]

Figure 1.3. Polarized hyperspectral imaging microscope (reproduced from [17]).
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acquired hyperspectral images of histological specimens from 95 patients and
employed a multi-layer perceptron to differentiate squamous epithelium cells,
esophageal adenocarcinoma (EAC) cells, and tumor stroma cells using their spectral
signatures. They achieved an accuracy of 78% for EAC and stroma as well as 80%
for squamous epithelium, indicating the usefulness of spectral features in hyper-
spectral data.

HNC can be diverse due to the anatomical diversity of this region. In the oral
cavity and upper aerodigestive tract, approximately 90% of cancers are SCC [14].
Cancer can occur in multiple organs including the nasopharynx, oral cavity,
oropharynx, nasal cavity, paranasal sinuses, hypopharynx, larynx, and trachea
[13]. Ou–Yang et al combined transmission and fluorescence based HSI using a
push-broom system with hundreds of visible near infrared spectral bands for
detection of oral SCC in 34 patient samples. The cell nuclei were identified in the
basal-cell layer manually and a five-fold method combined spectral and morpho-
logical features to yield good performance on the tested patients [65]. Ma et al
customized a dual-modal microscope system, which included a snapscan hyper-
spectral camera and a high-quality color camera. The microscope was used to image
head and neck SCC histologic slides obtained from larynx, hypopharynx, buccal
mucosa, and floor of mouth from 20 patients. They first proposed a PCA-based
automatic image segmentation method to extract image patches of nuclei from
hyperspectral histological images, then investigated both an SVM classifier and a
convolutional neural network (CNN) for the differentiation of cancerous and
normal SCC nuclei. Comparison among the classifications using only spatial
information (RGB patches and CNN), only spectral information (spectral signa-
tures and SVM), and spatial-spectral information (hyperspectral patch and CNN)
was carried out, in order to evaluate the usefulness of morphological and spectral
features in hyperspectral images. The results indicate that both features contribute to
the differentiation of nuclei; morphological features have a dominant effect, but
spectral features provide significant improvement [10, 13]. Then, they further
evaluated hyperspectral microscopy in whole-slide cancer detection [11, 12].
Whole-slide hyperspectral histological images of 32 slides from 16 different patients
were acquired using an automated dual-modal hyperspectral microscope, and an
Inception-based neural network was implemented to carry out patch-based cancer
detection in those images. In addition, they used hyperspectral super-resolution
reconstruction to fuse HSI and RGB and generate high-resolution hyperspectral
images with a better image quality. By comparing the image classification results
using RGB, original HSI, and generated HSI, they proved that the spectral
information in HSI helps with differentiation, and the generated HSI even further
improved the performance. Moreover, Zhou et al [17, 28, 61] developed the
polarized hyperspectral imaging microscope system and used it for observation
and detection of SCC in histologic slides. They first employed four machine learning
classifiers, i.e., SVM, random forest, Gaussian naïve Bayes, and logistic regression,
to classify spectral signatures extracted from four Stokes vectors of SCC and normal
tissues. The results show that SVM got the best classification performance and S3
outperformed other Stokes vectors. Then, they implemented a ResNet50 network
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for the classification of PHSI-synthesized RGB patches of cancerous and normal
tissues and compared the results of four Stokes vectors. Results show that S3 and S0
are more effective than S1 and S2, with S3 achieving the best accuracy. Lately, they
found that PHSI is beneficial to visualize collagen in SCC slides, which is one of the
most structural components of the tumor microenvironment. The dense collagen
and sparse collagen accumulated around tumor cells could be visualized with high
contrast in Stokes vector images S1, S2, and S3, while not being clearly seen in
regular non-polarized images.

The thyroid gland rests in front of the trachea in the neck, and masses can often
be visually observed by the patient. To assess if a thyroid mass is benign or
malignant, a fine needle aspiration (FNA) biopsy is performed and microscopically
investigated, and HSI may be able to increase diagnostic ability. Thyroid cancer
biopsies were studied by Hahn et al [66] using 100 cases of papillary thyroid
carcinoma (PTC) and benign goiter (BG), developing a classifier to segment
hyperspectral images and classify each region as background, PTC, or BG with
successful results. Additionally, the experiments were performed with a different
number of training cases, from 10 to 40 cases, without observing significant
improvements in the classification results. However, the authors concluded that
nuclear features offer improvement over nuclear and cytoplasmic regions when
developing a classifier. In addition to biopsy samples, Tran et al [15, 16, 26] carried
out automatic cancer detection in H&E-stained whole-slide thyroid cancer slides.
They acquired a database of whole-slide hyperspectral and RGB histological images
from 33 follicular thyroid carcinoma patients. VGG-19 neural networks were
trained for cancer detection using RGB images, histological images, and HSI-
synthesized RGB images, respectively. The network trained with hyperspectral data
achieved an area under the receiver operator characteristic curve (AUC-ROC) of
0.966, outperforming both RGB and HSI-synthesized RGB. Then, they expanded
the database to 49 whole-slide images. With their proposed hyperspectral data
augmentation methods and a video transformer, they achieved an F-1 score of
99.1% and an accuracy of 89.64% using hyperspectral images. Finally, He et al [67]
incorporated Muller matrix polarization HSI to distinguish papillary thyroid
carcinoma tissues in unstained histological sections.

1.4.2 Breast cancer

Several approaches have been proposed in the literature for breast cancer identi-
fication in histological slides using HSI. Boucheron et al [68] performed a benign
versus malignant nuclei classification using HSI, and compared the results with the
ones obtained using three different synthetic RGB images generated from the
hyperspectral images. The authors did not find a significant boost on the classi-
fication using HSI compared to conventional RGB image processing. Nevertheless,
Qi et al [69] also explored the utility of HSI for histological breast cancer diagnosis,
finding an improvement in HSI data exploitation compared to RGB. Although the
instrumentation of both approaches was similar, there were some differences in the
experimental procedures, especially in the type of staining, the magnification, and
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the image analysis approaches. While Boucheron et al used H&E-stained samples
acquired with 40 × magnifications, Qi et al employed hematoxylin-only specimens
acquired with 10× magnification. Even if the contradictory conclusions can be
caused by the differences in magnification or stain, the image analysis frameworks
present several differences. Both studies used supervised classifier approaches, but
while Boucheron et al used the raw spectral bands of the multispectral image as
features for classification, Qi et al used the features, extracted from the multispectral
image, that were supposed to maximize the underlying differences between normal
and tumor tissue samples. In another study by Ortega et al [8], a push-broom
hyperspectral microscope was used to acquire 112 hyperspectral images of H&E-
stained breast cancer slides from two patients. With the help of pathologist
annotation, they extracted hyperspectral patches of cells and built a 2D-CNN to
differentiate tumor and normal cells. Despite the small number of patients, their
results show that HSI could bring an 8% improvement in classification accuracy
compared to RGB.

Beyond the discrimination between normal and tumor tissue, more specific
approaches have been recently proposed to identify ductal carcinoma in situ
(DCIS) or mitotic cells within breast histological slides. In one approach, Khouj
et al [70] proposed the detection of DCIS with HSI using two types of specimen
preparations of breast biopsies: unstained and H&E-stained. Using as inputs some
pixels manually annotated by pathologists, a semi-supervised k-means approach was
applied to both types of images, suggesting a good discrimination between normal
and tumor regions even in unstained samples. Additionally, mitotic cells counting is
an important indicator in breast cancer grading. Ludovis et al [71] proposed a
contest for detecting mitotic cells within H&E-stained breast cancer specimens. In
this contest, three types of datasets were released: two of them composed of
conventional RGB images, and a single dataset composed of MS images. In this
challenge, the detection of mitotic cells was suggested to be superior to conventional
imaging approaches.

1.4.3 Gastrointestinal cancer

Gastrointestinal cancer is a broad concept including all cancers in the digestive tract
organs, and it is another field where hyperspectral microscopy has been actively
investigated. Colorectal cancer was one of the most prominent applications. Many
preliminary works have been done using HSI/MSI to discrimination between benign
adenoma and malignant carcinoma tissues within H&E-stained colon histological
slides since a decade ago [14]. In recent years, studies focused more on the refined
methods for colon cancer detection, such as the use of texture features or CNNs.
However, most studies employed MSI instead of HSI [14].

Other than colorectal cancer, HSI has shown promise in hepatic cancer detection.
Wang and Li evaluated the ability of microscopic HSI to early detect bile duct
carcinoma within H&E-stained rat liver samples [36]. In this research, the authors
were able to quantitatively measure the tumor areas in the biopsies at different time
points through the analysis of the hyperspectral data with a feature extraction
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method based on the morphological watershed algorithm followed by SVM
classification. Chen et al [32] used an LCTF-based hyperspectral microscope to
obtain the spatial-spectral data of H&E-stained hepatic carcinoma tissue slides, and
employed an SVM classifier to differentiate the transmission spectra of cancerous
and normal nuclei, which achieved 99% sensitivity and 98% specificity. Liu et al [31]
also employed an LCTF-based system and trained an SVM model, but their
classifier was used to different cells based on fluorescent spectral characteristics of
DAPI-stained slides. Finally, Huang et al [72] used a CNN for the diagnosis of
hepatobiliary tumors and got an accuracy of 85%–90%.

Three studies have been done on gastric cancer detection using hyperspectral
microscopy. First, Zhu et al [34] divided the transmission spectra of normal and
cancerous nuclei into three zones, where the spectra showed different trends. By
calculating the Euclidean distance between normal and cancerous spectra, they
claimed that using part of the spectra could achieve better differentiation than using
the entire spectra. Then, Hu et al [73] proposed four deep learning classifiers using
the spectral-only, spatial-spectral after dimension reduction, and full spatial-spectral
features, respectively. The results show that the network based on full spatial-
spectral patches has the best performance with an accuracy of 97.57%. In addition,
Liu et al [62] used a shallow residual network for gastric cancer detection in
hyperspectral images of H&E-stained slides and achieved a 91.44% accuracy, which
was 13.87% higher than that of the color images.

Similarly, Ishikawa et al [21] compared the cancer detection performance using
hyperspectral and RGB image for pancreatic tumor, and they found a 14%
improvement using HSI. In this work, they developed a whole-slide scanning
microscope as well as a sophisticated HSI processing pipeline, which involved
construction of HDR images, band reduction, estimation of dye amount, re-
estimation of absorbance, and classification of nuclei pixels. Moreover,
Notarstefano et al [74] employed Fourier transform infrared hyperspectral imaging
(FTIR-HSI) to analyze biomedical compositions (lipids, proteins, and phosphates
and carbohydrates) in normal, dysplasia, pancreatic neuroendocrine tumor (PNET)
and pancreatic ductal adenocarcinoma (PDAC) tissue samples.

1.4.4 Blood cancer

White blood cells, also called leukocytes, are hematopoietic cells of the immune
system that are involved in protecting the body against both infectious diseases and
foreign materials. The abnormal development and uncontrolled proliferation of
these cells can lead to devastating blood cancers, also known as leukemia. Their
timely recognition in the peripheral blood is critical to diagnosis and treatment [27].
Microscopic examination is one of the most common methods for leukemia
diagnosis. In the past decade, HSI has been investigated for leukemia cell
identification in several studies. Li et al [38] used an AOTF-based molecular
hyperspectral imaging microscope to observe blood smears. They proposed an
automated algorithm to identify the cytoplasm and the nucleus from leukocyte cells
using both spatial features and spectral signatures. Wang et al [37] combined
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spectral and spatial features and used a marker-based learning vector quantization
(MLVQ) neural network to to identify lymphoblasts from lymphocytes in hyper-
spectral images, which yielded 92.9% accuracy. Panda et al [75] used Euclidean
distance and Mahalanobis distance methods to detect chronic myeloid leukemia
neutrophils from hyperspectral images. Moreover, Zhou et al [27] used PHSI to
enhance the visualization of white blood cells in leukemia blood smears. Based on
their polarized imaging microscope setup, both RGB and hyperspectral images were
acquired, and Stokes vectors were calculated. Based on the Stokes vectors, three
polarization metrics, namely degree of polarization (DOP), degree of linear polar-
ization (DOLP), and degree of circular polarization (DOCP) were obtained. It was
found that the derived polarization metrics could improve the visualization of
surface structures (protein patterns) of lymphocytes and enable subclassification of
lymphocyte subpopulations.

1.5 Conclusion and discussion
In this chapter, we discussed the most relevant aspects of hyperspectral imaging for
the analysis of histopathological specimens, specifically in cancer studies. The
chapter focused on four major categories: the mechanism of HSI in microscopy,
the hardware and software fulfillment of whole-slide hyperspectral imaging, the
multi-modality microscopy involving HSI, and the recent applications of hyper-
spectral microscopy in cancer research.

First, we explained how different types of HSI devices were incorporated into
microscope systems. Although there are four major types of HSI systems, spectral-
scanning and push-broom remain the dominant types in most existing works due to
their high resolution and large availability. Nevertheless, the newly developed
spatial-spectral scanning snapscan hyperspectral cameras as well as the scope-free
snapshot microscopy systems are very promising and may replace the conventional
microscopic imaging setups in the future.

Whole-slide scanning of the histological slides and the quality of digitized whole-
slide image are critical for digital pathology. Implementing hyperspectral whole-
slide imaging with precise scanning and autofocusing is necessary for HSI to be
integrated into routine pathology workflow. The current obstacles mainly lie in the
following facts: hyperspectral image files are large, the speed of scanning-based HSI
acquisition is slow, and autofocus algorithms are needed to ensure good focus for all
wavelength bands. Although a few automated whole-slide hyperspectral micro-
scopes have been developed, they are not widely employed due to the above-
mentioned reasons. Super-resolution reconstruction and extended depth of field of
hyperspectral histological images are promising solutions. Future works should
investigate using these techniques with snapshot-based microscopy system to boost
the speed and image quality of hyperspectral histological images.

As for multi-modality imaging, HSI has been combined with various imaging
modalities, such as confocal microscopy, dark-field microscopy, fluorescence imag-
ing, and polarized light imaging, whereas the last two were mostly used in cancer
studies. On the one hand, HSI has been proved useful for detecting both endogenous
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and exogenous fluorescence signals. Especially, HSI might show great advantage if
combined with the novel type of rapid slide-free histology method [76, 77]. On the
other hand, a series of studies have been done on the development and utilization of
a polarized hyperspectral imaging microscope system, which brings enhanced
visualization of molecular compositions in histology slides. Further work needs to
be done on the automation of the system, as it takes more acquisition time than
normal HSI.

Finally, we reviewed the applications of HSI in cancer studies in the recent
decade. Head and neck cancer, gastrointestinal cancer, and breast cancer are the
three major types that HSI has been investigated on. Other than those, several
studies employed HSI to analyze white blood cells in leukemia blood smears. Earlier
studies tend to reply more on the transmission spectra extracted from hyperspectral
images. With the development of more advanced artificial intelligence (AI) algo-
rithms, different types of deep neural networks have been used in more recent works
to exploit the rich spatial-spectral features. However, in addition to simply training
the deep learning networks to automatically learn the features, research should be
done to gain perspectives about the relationship between the spectral features and
biomarkers. Further and deeper understanding of the hyperspectral histological
images will benefit the development of AI tools specifically for medical HSI and
possibly promote the future utilization of HSI in histopathology.

In conclusion, HSI is a beneficial tool for histopathological cancer research and
has become an popular research topic. With future refinement of hyperspectral
microscopy systems and image processing algorithms, HSI may be actively utilized
in routine histopathology workflow to facilitate cancer diagnosis.
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