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Abstract—Thyroid abnormalities typification, including neo-
plasms, is usually performed by histological examinations on
slides containing biopsy tissue. Until 2040, the World Health
Organization (WHO) foresees 193,727 new cases of thyroid cancer
around the world. Early diagnosis can lead doctors to prescribe
a less aggressive treatment, providing a better prognosis and
so provide patients an improvement in life quality. Research
on digital biopsy images has grown rapidly, leveraging the
development and improvement of image processing methods
specially developed or adapted for this category of image. The
hyperspectral signals, obtained by infrared equipment, are char-
acterized by presenting for each pixel of the image a spectrum
of absorbance values for different frequencies, which is sensitive
to the biochemical characteristics of the underlying tissue. The
goal of this paper is to investigate if it’s possible to characterize
cancerous, normal, and inflammatory thyroid tissue by analyzing
its radiation absorbance level over the hyperspectral point of
view. For that, histological slides containing samples of thyroid
biopsies were exposed to different infrared radiation in order
to collect the material absorbance spectra. These signals were
then used on different types of analysis, such as absorbance-
level distribution analysis, feature selection analysis, and pattern
recognition analysis using traditional supervised machine learn-
ing algorithms. Besides it’s a complex task, hyperspectral signals
showed themselves a promising tool to characterize different
tissue over the infrared spectrum.

Index Terms—absorbance spectroscopy, hyperspectral, ma-
chine larning, thyroid cancer

I. INTRODUCTION

Thyroid is a gland located in the anterior cervical region,
responsible for T3 and T4 hormones production used by
different organs of the human body [1]. The presence of a
malignant neoplasm in this gland characterizes thyroid cancer
[2].

This type of cancer is frequent in women and tends to be
more aggressive after the age of 45 years [3]. The World
Health Organization (WHO) foresees for 2040 an increase of
193,727 new cases of thyroid cancer around the world. Also, in
2018 the International Agency for Research on Cancer through

the Global Cancer Observatory reported a baseline of 567,233
active cases [4].

The Brazilian National Institute of Cancer (INCA) estimates
for 2020, 13,780 new cases in Brazil. Around the new cases, it
is expected 11,950 in women and 1,830 in men, representing
an increase in detection of 4,170 cases greater than the
previous sense of 2018 [5].

The most frequent thyroid cancer types manifest as dif-
ferentiated carcinomas. The papillary type occurs between
50 to 80% of registered cases while follicular type occurs
between 15 to 20% [5]. The diagnosis is usually made after
the first symptoms appear. Although thyroid cancer may be
asymptomatic in the early stages, the thyroid nodule rapidly
grows when compared to other types of cancer [5], [6]. Patients
with symptoms of hoarseness, difficulty in swallowing and
breathing, in addition to the enlargement of the lymph nodes
in the neck should see a medical oncologist in order to perform
the check for suspected cancer [3].

Medical imaging helps doctors to visualize thyroid and lo-
cate possible lesions and diseases in the gland. The most used
imaging exams to diagnose thyroid cancer are Ultrasound,
Thyroid Scintigraphy, Computed Tomography, Magnetic Res-
onance, and Positrons Emission Tomography (PET) [7]. Each
exam offers the visualization of different types of tissues and
its application varies according to the visualization needs of
each doctor. When there is suspicion of malignancy, the patient
may be subjected to a histological diagnosis or puncture. In
this exam, a small part of the nodule is extracted to classify
on a scale according to its malignancy level [8].

To perform the histological staining for pathological
anatomy study, Hematoxylin and Eosin (H&E) are used to
allow cell structure identification. Hematoxylin works by
attracting acidic substances, such as nuclei and the rough
endoplasmic reticulum. Eosin, on the other hand, stains basic
structures, such as cytoplasm and collagen fibers [9], [10].
Digital images of the H&E are generated for Computer Vision



studies to automatic search for visual patterns [11], [12]. Such
histological slides can also be used to get information that goes
beyond the visible color spectrum.

The light visible by the human eye corresponds to a specific
frequency range from the electromagnetic spectrum which
varies from 400 to 700 cm−1. Ultraviolet (from 100 to 400
cm−1) and infrared (from 700 to 25.000 cm−1) frequencies
are not perceptible on the human retina but have different
applications and interactions with human beings [13].

In this context, hyperspectral imaging (HSI) is generated by
a spectrometer sensor that captures the radiation absorbance
or reflectance of a given material when exposed to different
electromagnetic frequencies. These signals represent a specific
region of the sample in the form of a wavelength [14], [15].
This optical method provides a large amount of information
about the investigated object or tissue [16].

In medicine, HSI has been used to visualize previously
unknown information and to predict conditions under a certain
material. In Dunning et al. [17], HSI was used to detect
abnormalities in embryonic chromosomes and predict the
success of in-vitro fertilization. Kopriva et al. [18] developed
a method to identify colorectal cancer metastatic cells using
the same signals at specific frequencies.

Applied on head and neck cancer diagnosis, HSI has shown
promising results. A study conducted by Berberio et al.
[19] showed that thyroid and parathyroid tissue have dif-
ferent oxygenation states, different contents of deoxygenated
hemoglobin and water resulting in different aspects on HSI
between 600 and 960cm−1.

Thus, this work aims to investigate the applicability of
hyperspectral signals in characterizing thyroid tissues using the
material’s absorbance level when exposed to infrared spectrum
radiation. We propose a statistical analysis of the signals, by
observing patterns over the frequency/value graph and also
by searching for patterns using supervised machine learning
mehtods.

The main contribution of this work is the analysis of the
histological material behavior when exposed to infrared radia-
tion as well as presenting which frequencies are most relevant.
This study opens the possibility of developing computational
methods to aid the pathologist’s diagnosis using machine
learning.

This paper is organized as follows. In Section II, related
papers are shown and their applications and similarities are
discussed. Section III presents the HSI acquisition protocol.
Section IV states the techniques used for HSI analysis. In
Section V, the experiments are described and the results are
discussed. Section VI concludes this work.

II. THYROID HSI TYPIFICATION IN THE LITERATURE

The analysis of cancer behavior from an HSI perspective
may lead to the discovery of a more accurate screening
analysis. Some authors addressed the thyroid cancer HSI
classification in the literature for region or tumor margin
detection. In this section, we are going to discuss some of
them.

In 2009, Albero [20] developed a clustering method to
diagnose thyroid cancer and goiter. In his work, he used
clustering methods such as single linkage and centroid based
clustering on hyperspectral imaging, varying the frequency
from 950 to 1750 cm−1, with Fourier Transformation. The
author reports 67% of accuracy, 100% of sensibility and 50%
specificity.

Later on, in 2017 Halicek et al. [21] developed a binary
classification method to differentiate cancer and healthy tissues
from different parts of the head and the neck. In this work,
they extracted hyperspectral signals from 21 patients with
different thyroid carcinoma types. The frequency range that
composes its HSI varies from 450 to 900 cm−1, which
includes the visible and near-infrared from the electromagnetic
spectrum. It is reported by the authors an accuracy of 90%,
a sensibility of 86%, and a specificity of 93% for thyroid
neoplasm classification.

Lu et al. [22] also developed a binary classification method
for head and neck cancer. For thyroid HSI classification, they
used several classifiers such as Linear Discriminant Analysis
(LDA), Support Vector Machines (SVM) and Radial Basis
Function (RBF) applied on hyperspectral signals varying from
450-900nm. For thyroid tissue classification, between health
and sick tissue, the authors report an accuracy and sensitivity
of 91%, a specificity of 93%, and the area under the ROC
curve (AUC) of 96%.

In 2018, Halicek et al. [23] developed a method to clas-
sify different types of thyroid cancer using multiple binaries
classifications. In this work, they used 21 HSI varying its
electromagnetic spectra from 450-900nm. Its results show
the classification between cancer and healthy tissues got an
AUC of 95% and an accuracy, specificity, and sensibility
of 92%. The classification between medullary thyroid cancer
and goiter got an AUC of 93%, an accuracy of 87%, a
sensitivity of 88%, and a specificity of 85%. And then, the
classification between papillary carcinoma and normal tissues
with an AUC of 91%, an accuracy, sensitivity, and specificity
of 86%. After this work, in 2020 the author proposed a method
to classify thyroid and salivary glands using HSI-synthesized
RGB images. For thyroid classification tasks, it was collected
over 200 histological slides from 76 patients. To build its
classifier the Inveption-v4, a Very Deep Convolutional Neural
Network-based sub-architecture, was used to perform pattern
recognition. It is reported by the authors an AUC of 90%, an
accuracy, sensitivity, and specificity of 79%.

Although they modeled sophisticated classification methods,
most of them applied HSI using visible or near-infrared
spectrum range from electromagnetic spectra (from 450cm−1

to 700cm−1). Our approach investigates the possibility to dis-
criminate signals on infrared spectrum, varying from 900cm−1

to 1800cm−1.

III. HSI ACQUISITION AND DATABASE DESIGN

For this project, nine histological samples, from three
different slides, were obtained containing cancerous, goiter,
and normal thyroid tissues. To perform the characterization



Fig. 1. HSI acquisition process from one of the histological slides.

of thyroid tissue, we developed a database of hyperspectral
signals. Figure 1 has an overview of the HSI acquisition
process.

First, we obtained the histological samples from the hospital
and digital images of the slides are generated. These images
are used by the pathologist to identify 23 regions of interest
belonging to one of the diagnostics mentioned before.

After that, the slides are used to obtain the hyperspectral
signal over the infrared frequencies. All HSI were collected
in a spotlight 400 FT-IR system with spectral range between
900 cm−1 and 1800 cm−1, an interval of 2 cm−1 between
frequencies, 16 scans per pixel, 4 cm−1 spectral resolution
and 6.25 µm in pixel size. In total each HSI pixel had 451
frequencies values related to the infrared absorption spectra of
a small tissue portion.

The raw hyperspectral imaging dataset comprised c.a
120,000 spectra per image. Each dataset contained 451 ab-
sorbance data between 900 and 1800 cm−1. The datasets were
imported into the in-house software written in Python. The
data pre-processing includes: increasing the signal to noise
ratio using the noised adjusted principal component (NAPC)
technique. Conversion of the dataset to the second derivative
using savitz-golay smmothing filter (11-points), Standard Nor-
mal Variate (SNV) Normalization. After these steps, the paraf-
fin and water vapor variance in the dataset was corrected using
extended multiplicative signal correction (EMSC) followed by
spectral quality control using a coefficient founded in EMSC
[24].

These 451 deep in size pixel is now model as a voxel in
which each voxel is used to compose a database. This database
is designed with 451 columns, representing all collected fre-
quencies. Each line represents the voxel itself, with varying
values representing the absorbance of the tissue changing over
the frequency range. Finally, each voxel is labeled according
to the pathologist’s manual segmentation. This information is
stored in the database as the class column.

In order to reduce the number of voxels and balance the

amount of data from each class, around 10% of each scan
was randomly chosen to compose the final dataset which had
over 420,000 voxels, i.e., 140,000 of each class. This reduction
was necessary to enable computational processing.

IV. EVALUATION METHODOLOGY

To verify the possibility of using hyperspectral signals to
characterize the tissues, three methodologies were used. The
first involves a statistical and visual analysis of the frequency
distribution of each type of tissue. The second involves the
use of a dimensionality reduction algorithm in order to detect
which frequencies are most representative to perform the char-
acterization of cancerous, healthy, and inflammatory tissues
(goiter). Finally, the database undergoes a preliminary test in
order to benchmark traditional machine learning methods in
detecting patterns.

The statistical analysis is performed by implementing a
method in Python, using the NumPy framework. This method
analyzes each frequency by collecting the maximum, the
minimum and the average absorption value. After calculating
this information, the Matplotlib framework is used to generate
representative graphics for further analysis and discussions.

After that, a dimensionality reduction algorithm was used in
order to select the most relevant features to describe the data.
The search method used was the Best First, alongside with
Correlation-based Feature Selection (CFS) attribute evaluator,
both available in the Weka 3.4 software.

Finally, the database was used in a preliminary test to verify
the ability of traditional supervised machine learning methods
to detect patterns in the extracted signals. The algorithms used
were Linear SVM, K-Nearest Neighbors, Decision Tree, Ran-
dom Forest, Multilayer Perceptron, and AdaBoost Classifier.

All algorithms were developed using the standard settings
of Scikit framework. The Multilayer Perceptron, for example,
contained 100 neurons in its hidden layer, the activation
functions used was the Rectifier Linear Unity (ReLU), the
adam algorithm was used for optimization, the batch size was
set to 200, and the learning rate was set to 0.001.



The Random Forest algorithm was configured as follows. It
was used 100 estimators (trees), the gini function was used to
measure the quality of the split and the minimum number of
samples to be at the leaf node was 1.

The Linear Support Vector Machine (LinearSVM) was
configured as follows. The standard used to penalize was the
l2 standard. The loss was calculated using the squared hinge
function. Finally, the multi-class of the proposed problem was
treated according to the One-Versus-Rest (OVR) rule.

The AdaBoost classifier is a metaheuristic estimator that
prioritizes the difficult cases in which the algorithm misclas-
sifies the sample. The parameters used was the default, such
as the number of estimators is equal to 50 and the learning
rate is 1.

The Decision Tree Classier was set up as follows. The gini
function was used to measure the quality of the split. The best
split was the strategy used to choose the split at each node, and
the minimum number of samples required to split an internal
node was 2.

And finally, the K-Nearest Neighbours was set up as fol-
lows. The number of neighbors was set up to 200. The weight
function used in the prediction was the uniform in which all
points in each neighborhood are weighted equally and, the leaf
size used was 30.

V. EXPERIMENTS AND ANALYSIS

The proposed methodology was developed using Python
3.7 and Scikit-Learn 0.23, alongside with Matplotlib 3.3.4,
for graphics generation. The experiments were performed on
a computer with Windows 10 Pro operating system, AMD
Ryzen 7 1700 processor, 16 GB of RAM DDR4 and NVIDIA
GTX 1060 graphics card.

A. Absorbance-level Distribution Analysis

The first study carried out with the extracted hyperspec-
tral signals was a statistical analysis developed through the
development of graphs that describe the behavior of the
hyperspectral signals along the electromagnetic spectrum. In
this way, the average radiation absorption rates were studied,
as well as the maximum and minimum absorption levels found
in each frequency.

Figure 2 contains the average level of radiation absorbance
in cancerous, healthy, and goiter tissues. In this graph, the
absorption levels of cancerous tissue behave quite differently
when compared to goiter and healthy tissues. The average dis-
tribution curve is quite irregular, illustrating a high absorption
rate in the first frequencies of the electromagnetic spectrum
followed by a fast fall in short values, which stay lower than
the healthy and goiter absorbance level.

Healthy and goiter tissues, on the other hand, have almost
a linear behavior on this scale. Thus, another graph is created,
expanding the healthy and goiter scales in order to visualize
and study their differences. In Figure 3, it’s possible to observe
that in two moments the average radiation absorption rates
are different in both types of tissue. The moment before the
collected frequency 100 (1,100 cm−1) and after the collected

Fig. 2. Average radiation absorbance level over the infrared frequencies. In
orange, the average absorbance level of the thyroid cancer tissue. On Blue,
the average absorbance level of normal tissue. And on green, the average
absorbance of goiter tissue.

frequency 380 (1,660 cm−1), indicates a sign that both types
of tissues can be differentiated by analyzing this band of the
electromagnetic spectrum.

Fig. 3. Average radiation absorbance level of normal and goiter tissue on a
different scale. In blue, the absorbance level on normal tissue and on orange,
the absorbance level on goiter tissue.

Another curious fact observed in the data is the maximum
and minimum levels of absorption of the material. The max-
imum and minimum absorption values found are pretty close
in any type of tissue, except for cancerous tissue, which has
a slightly higher minimum value in the first frequencies.

B. Feature Selection Analysis

The second analysis carried out with the hyperspectral
signals consists of applying a dimensionality reduction method
in order to obtain the variables with the greatest impact in
determining the types of tissue. Within the scope of this work,
these variables represent the frequencies of the electromagnetic
spectrum extracted.

For that, two algorithms were used, the Best First Search
algorithm and the Correlation Based Feature Selection (CFS)



algorithm. The Best First Search algorithm, according to Pearl
[25], is a heuristic search algorithm that explores structured
data in the form of a graph, expanding the most promising
nodes according to a specific rule. The second, proposed
by Hall [26], selects the most important characteristics by
analyzing the correction of characteristic subsets with the
expected class.

In this analysis by reduction of characteristics, the frequen-
cies of greatest impact in determining the class were:

• frequency15 = 930 cm−1

• frequency92 = 1,084 cm−1

• frequency176 = 1252 cm−1

• frequency177 = 1254 cm−1

• frequency183 = 1266 cm−1

• frequency189 = 1278 cm−1

• frequency190 = 1280 cm−1

• frequency191 = 1282 cm−1

• frequency192 = 1284 cm−1

• frequency239 = 1378 cm−1

• frequency245 = 1390 cm−1

• frequency300 = 1500 cm−1

• frequency304 = 1508 cm−1

• frequency306 = 1512 cm−1

• frequency312 = 1524 cm−1

• frequency346 = 1592 cm−1

• frequency347 = 1594 cm−1

• frequency365 = 1630 cm−1

• frequency371 = 1642 cm−1

• frequency406 = 1712 cm−1

• frequency407 = 1714 cm−1

• frequency408 = 1716 cm−1

• frequency416 = 1732 cm−1

• frequency419 = 1738 cm−1

• frequency445 = 1790 cm−1

• frequency449 = 1798 cm−1

Comparing the results obtained in this analysis, with the
observations made by the graphs, it is possible to notice
that certain bands have different values and occupy different
positions in the graph, which is an indication that these
frequencies can be used to characterize the tissues.

C. Pattern Recognition Using Supervised Machine Learning

In this analysis, several pattern recognition algorithms were
developed in order to benchmark the traditional machine
learning methods applied to the classification problem of the
extracted signals. This analysis is a preliminary experiment to
benchmark traditional supervised machine learning methods.
Therefore, we implemented and tested six algorithms using
the whole HSI dataset. Table I shows the main results.

The experiments conducted in this analysis followed the
holdout cross-validation in which, 80% of the dataset was used
for training and 20% for validation. Also, in order to avoid
overfitting and aiming to develop a more generalized classifi-
cation model, the training dataset underwent a Gaussian noise
addition. The validation set stayed unchanged, representing the
signals obtained in the HSI extraction process.

TABLE I
OVERALL EVALUATION OF TRADITIONAL MACHINE LEARNING

ALGORITHMS.

Classification Method Accuracy Precision Recall
Multilayer Perceptron 57.31% 38.61% 57.24%

Random Forest 61.19% 63.56% 61.19%
Linear SVM 70.7% 75% 70.6%

AdaBoost Classifier 79.18% 80.79% 79.22%
Decision Tree 89.69% 89.74% 89.69%

K-Nearest Neighbours 95.69% 95.75% 95.69%

The method that achieved the best accuracy was the KNN
algorithm. As noted in the previous analyzes, the features
that allow tissue identification by hyperspectral analysis show
that the patterns to be found can be linearly separated, so
methods such as KNN, Decision Tree and AdaBoost tend
to have superior results than a more complex model. On
the other hand, an in-depth investigation needs to be carried
out around the SVM and MLP classifiers since, through a
more personalized implementation, adjusting the network’s
hyperparameters, better accuracy values may be achieved.

VI. CONCLUSION

Thyroid cancer is a type of malignant neoplasm with
a fast evolution of the clinical condition. The histological
diagnosis made in order to differentiate tissues can provide
the pathologist greater efficiency and certainty in the surgical
decision making. In this paper, we present an analysis of the
hyperspectral signals of healthy, cancerous and goiter tissues
of the thyroid. Considering the results (best overall accuracy
= 95%), the analyzes show their potential to characterize such
tissues according to their level of absorbance when exposed
to a certain electromagnetic frequency. For future work, it is
expected to improve the classification methods, to evaluate
them under a larger database with a higher amount of samples,
making it possible to even evaluate the signals from the deep
learning perspective.
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