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ABSTRACT

Head and neck squamous cell carcinoma (SCCa) is primarily managed by surgical resection. Recurrence rates
after surgery can be as high as 55% if residual cancer is present. In this study, hyperspectral imaging (HSI)
is evaluated for detection of SCCa in ex-vivo surgical specimens. Several methods are investigated, including
convolutional neural networks (CNNs) and a spectral-spatial variant of support vector machines. Quantitative
results demonstrate that additional processing and unsupervised filtering can improve CNN results to achieve
optimal performance. Classifying regions that include specular glare, the average AUC is increased from 0.73
[0.71, 0.75 (95% confidence interval)] to 0.81 [0.80, 0.83] through an unsupervised filtering and majority voting
method described. The wavelengths of light used in HSI can penetrate different depths into biological tissue,
while the cancer margin may change with depth and create uncertainty in the ground-truth. Through serial
histological sectioning, the variance in cancer-margin with depth is also investigated and paired with qualitative
classification heat maps using the methods proposed for the testing group SCC patients.

Keywords: Hyperspectral imaging, convolutional neural network, deep learning, optical biopsy, intraoperative
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1. INTRODUCTION

Head and neck cancer is the 6th most common cancer world-wide, with majority of cancers of the oral cavity
and oropharynx being squamous cell carcinoma (SCC).1 Approximately two-thirds of SCC patients present with
advanced disease, either stage III or IV.2 Surgical resection is the primary management SCC of the aerodigestive
tract, potentially with concurrent chemo-radiation therapy depending on the extent of the disease.3

A modern advance in robotic oncologic surgical techniques of the head and neck, trans-oral robotic surgery
(TORS), has been developed using the da Vinci robotic system (Intuitive Surgical, Sunnyvale, CA) and demon-
strated use in resection of orophangyeal and laryngeal SCC with promising results on functional preservation.4

The da Vinci system relies on conventional optical imaging using a high resolution monitor, but studies have
aimed to expand the optical imaging capabilities utilized. Fluorescence guided robotic surgeries have found a wide
range of uses in gastroenterology, urology, and gynecology.5 For use in TORS, a fluorescent nuclear contrast

Further author information: (Send correspondence to B.F.)
B.F.: e-mail: bfei@utdallas.edu website: fei-lab.org
† Equal authorship contribution.

Medical Imaging 2019: Image-Guided Procedures, Robotic Interventions, and Modeling,
edited by Baowei Fei, Cristian A. Linte, Proc. of SPIE Vol. 10951, 109511A · © 2019 SPIE

CCC code: 1605-7422/19/$18 · doi: 10.1117/12.2512985

Proc. of SPIE Vol. 10951  109511A-1
Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 26 Jun 2019
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



agent can be visualized with high-resolution micro-endoscopic imaging for oropharyngeal SCC with technical
feasibility in three patient case reports.6 Several label-free, optical imaging approaches have been presented for
TORS.7–9 Label-free fluorescence lifetime imaging has been integrated with TORS for 25 patients with head and
neck cancer.7 Additionally, early patient reports show that optical narrow-band imaging has shown success in
promoting negative surgical margins in TORS for SCC resection.8,9

The local recurrence rates for SCC cases depend on the successful removal of the cancer. For surgeries
with negative cancer margins, the local recurrence rate is 12-18%, compared to local recurrence rates up to
30-55% if positive cancer margins are determined.10–12 Moreover, positive cancer margins have a greatly reduced
disease-free survival, with estimates ranging from 7 to 52%, compared to disease-free survival rates of 39-73%
for negative margins.13,14 Disease recurrence greatly affects likelihood for additional surgeries, reduced quality
of life, complications from surgery, and increased mortality rates.15

Hyperspectral imaging (HSI) is a non-contact optical imaging modality capable of acquiring a single image
of potentially hundreds of discrete wavelengths. Preliminary research demonstrates that HSI has potential for
providing diagnostic information for various diseases.16 Machine learning methods, including support vector
machine (SVM) and convolutional neural networks (CNNs), the latter being an implementation of artificial
intelligence, have demonstrated near human-level ability for image classification tasks.17,18 Preliminary studies
from our group show that HSI combined with machine learning may yield diagnostic information with potential
applications for surgical use.19–22 HSI uses wavelengths of light that can penetrate different depths into biological
tissue, so it is possible that the cancer margin may change with depth and create uncertainty in ground truth.

This study aims to investigate the ability of HSI to detect SCC in surgical specimens from the upper aerodi-
gestive tract using several distinct machine learning pipelines. Additionally, another objective of this work is
to investigate the limiting factors of HSI-based SCC detection, including specular glare, noise and blur, and
uncertainty in the ground truth due to changes in superficial cancer margin with depth, all of which must be
thoroughly explored to understand the potential of HSI in the operating room. This work expands upon previous
cross-validation experiments with CNN-only methods to include multiple machine learning pipelines involving
CNNs and other state-of-the-art methods. Additionally, the proposed methods are tested on five HSI from five
SCC patients, and the accuracy of the corresponding ground truths from these five tissues are investigated by
serial histological sectioning.

2. METHODS

2.1 Experimental Design

In collaboration with the Otolaryngology Department and the Department of Pathology and Laboratory Medicine
at Emory University Hospital Midtown, 203 head and neck cancer patients undergoing surgical cancer resection
were recruited for our hyperspectral imaging studies. In our previous study, we have evaluated the efficacy of
using HSI for optical biopsy.19,23 Excised tissue samples of head and neck squamous cell carcinoma (HNSCC)
and normal tissue were collected from the upper aerodigestive tract sites, including tongue, larynx, pharynx, and
mandible. Three tissue samples were collected from each patient, i.e., a sample of the tumor, a normal tissue
sample, and a sample at the tumor-normal interface and were scanned with a hyperspectral imaging system.22,24

In this study, we selected 12 patients for this analysis, which were divided into two groups. The first 7 patients
were used for evaluating quantitative results, expanding from previously published results.21 Five additional
patients were classified using models trained from the first 7 patients, and these 5 patients results are presented
qualitatively and also investigated is the variation in the cancer margin with tissue depth.

2.2 Hyperspectral Imaging

Hyperspectral images were acquired of ex-vivo surgical specimens using a previously described CRI Maestro
imaging system (Perkin Elmer Inc., Waltham, Massachusetts), which capture images that are 1040 by 1,392
pixels and a spatial resolution of 25 µm per pixel.19,24–26 Each hypercube contains 91 spectral bands, ranging
from 450 to 900 nm with a 5 nm spectral sampling interval. The hyperspectral data were normalized at each
wavelength sampled for all pixels by subtracting the inherent dark current and dividing by a white reference
disk, according to the following equation.23,26
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Figure 1: Two representative tissue specimens from different patients. Left to right: HSI-RGB composite image;
binary ground-truth mask including glare regions, generated by only removing patches centered on specular
glare; binary ground-truth mask avoiding glare regions, generated by sufficient area to extract 25×25 patches
and avoiding specular glare. SCC in shown in white, and normal tissue shown in grey.

Inorm(λ, i, j) =
Iraw(λ, i, j) − Idark(λ, i, j)

Iwhite(λ, i, j) − Idark(λ, i, j)
(1)

2.3 Histological Imaging

To obtain a ground truth labelling for the tissue specimens imaged with HSI, tissues were inked after imaging
to preserve orientation, fixed in formalin, paraffin embedded, sectioned from the top of the imaging surface,
haemotoxylin and eosin (H&E) stained, and digitized. The ex-vivo tissue sections were reviewed by a board
certified pathologist with expertise in H&N pathology and the cancer margins were outlined using digitized
histology in Aperio ImageScope (Leica Biosystems Inc, Buffalo Grove, IL, USA).

2.4 Histological Ground-Truths

Binary masks are constructed from histological images and matched to the HSI in two methods. The first method
is to investigate only ideal quality pixels, which is constructed by avoiding HSI regions with a large amount of
specular glare. The second method is to investigate the degrading effect of specular glare on classification. For
the ground-truth mask avoiding glare, only regions that contain sufficient area to extract 25×25 spatial patches
without any specular glare are included. For the ground-truth mask including glare regions, the entire tissue
is included for patch-making, but the top 1% of glare pixels are identified by fitting a gamma distribution to
pixel intensities and no patch centered on a glare pixel is included. Figure 1 shows an example of the two masks
generated from two different patients. Both masks will be used for evaluating quantitative testing results and
are referred to as ‘ground-truth mask avoiding glare’, and ‘ground-truth mask including glare’, respectively.
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Figure 2: Representative tissue specimen that underwent serial histological sectioning to evaluate superificial
cancer margin variation with tissue depth. Left to right: HSI-RGB image, first histological slice, binary mask
overlay of the 6 histological images (white is SCC and grey is normal), topographical map of the variation with
depth of the cancer margin.

Figure 3: Block diagram of the proposed pre-processing chain.

2.5 Effect of Sectioning Depth on Cancer Margin Ground-Truth

HSI uses wavelengths of light that can penetrate different depths into biological tissue. It possible that the
cancer margin may change with depth and create uncertainty in the classification results because of the variable
penetration of the HSI spectrum. To investigate this, additional histological sectioning was performed on 5 tumor-
margin tissues (see Figure 2). First, the thickness of the remaining paraffin embedded tissue was estimated. Next,
from the surface already sectioned, which is the top of the tissue that was optically imaged, five more sections
were obtained, up to 300 microns additionally sectioned into the tissue. Therefore, the depth of sectioning was
performed down to approximately 0.3 to 0.5 mm from the HS imaged surface.

2.6 Machine Learning Techniques

2.6.1 Data Pre-processing

A pre-processing chain was applied to the data mainly to reduce the noise in the spectral signatures (Figure 3).
The machine learning methods detailed below were tested with and without the following pre-processing steps.
The proposed pre-processing chain is based on 4 steps: image calibration, operating bandwidth selection, noise
filtering, and data normalization. In the first step, the previously described method to normalize the data using
white and dark references is performed. Next, the spectral bands are truncated between 490-790 nm, so the final
hypercube contains only 61 bands, which will be used for classification. Spectral bands outside this range were
noisy because they were too close to the limits of the HSI camera. In the third step, a smoothing filter is applied
to the data in order to reduce the spectral noise. Finally, each pixels spectral signature is normalized between 0
and 1.

2.6.2 Convolutional Neural Network

A previously described and trained convolutional neural network was used to classify oral cavity tissues imple-
mented using TensorFlow on a NVIDIA Titan-XP GPU.17,18,21,27 In summary, an Inception CNN was designed
and trained using the leave-one-patient-out cross-validation. Validation was performed on all seven held-out
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