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Chapter 1

1 | Clinical introduction 
Worldwide, over 18 million new cases of cancer have been reported in 2018 (1). For 
women, the most common type of cancer is breast cancer. In 2018, 17.200 new cases 
of breast cancer cases were diagnosed in the Netherlands (2). In the USA, the estimated 
number of new cases in 2019 is estimated to be 331.500 (3). These women often undergo 
surgery as a primary treatment. There are two types of surgery; mastectomy, in which 
the whole breast is removed, and lumpectomy or breast-conserving surgery (BCS), in 
which only the tumor with a rim of healthy tissue around it is resected. Compared to 
mastectomy, BCS in combination with radiotherapy became the preferred method of 
treatment because the cosmetic outcome is much better while the long-term overall 
survival is the same (4, 5). Currently, approximately 58-75% of the women diagnosed 
with breast cancer undergo BCS as a primary treatment (6-8). 

During BCS, the surgeon aims to spare as much healthy tissue as possible while 
removing the whole tumor. However, in practice, this is challenging as tumors are often 
non-palpable and difficult to be distinguished by the human eye. To avoid incomplete 
tumor resection, surgeons aim to remove 1 cm around the tumor (9). Therefore, excised 
lumps are currently larger than necessary, up to 3 times the optimal resection volume 
(10-12). Nevertheless, still up to 29% of the patients require a second operation to clear 
tumor deposits left behind during the initial procedure (13-17). This has a major effect 
on the final cosmetic outcome, the patients’ quality of life and the produced health care 
costs (18, 19). 

2 | Resection margin assessment

2.1 | Standard clinical procedure

Currently, the gold standard for assessment of the completeness of tumor resection is 
analyzing the resection margin of a lumpectomy specimen under the microscope by a 
pathologist. This requires the processing of the lumpectomy specimen to hematoxylin 
and eosin (H&E) stained microscopy sections. This procedure is shown in Figure 1 and 
includes, first, inking of the specimen with histopathological ink so that the original 
position of the specimen in the breast can be retrieved under the microscope. Second, 
the specimen is placed in the freezer so that it can be sliced in tissue slices of ~3 
mm thick. Third, the tissue slices are placed in formalin for a few hours/days to fixate 
the tissue. Fourth, a few of these tissue slices (normally the first, the last and a few 
in the middle) are embedded in paraffin and further processed into ~3 µm sections. 
These sections are subsequently placed on microscopy slides and stained with H&E. 
Finally, a pathologist analyzes the completeness of tumor resection by looking at the 
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microscopy sections under a microscope and determining if the resection margins are 
tumor positive or tumor negative. 

2.2 | Clinical guidelines

The definition of a tumor positive resection margin depends on the type of malignancy 
and the country (20). This is illustrated in Figure 2. The most strict guidelines are 
reported for in situ cancers. These types of cancer stay within the milk ducts or lobules 
in the breast and do not invade surrounding healthy tissue. The most common in situ 
cancer starts in the milk ducts and is called ductal carcinoma in situ (DCIS). The clinical 
guidelines for DCIS vary from no tumor cells on the resection surface (the Netherlands) 
to no DCIS cells within 2 mm from the resection surface (USA) (21, 22).

For invasive cancers, which are cancers that do grow into the normal healthy tissue, 
the guidelines are more liberal. In the USA, a new guideline was adapted in 2014 
that defines an adequate resection margin as ‘no ink on tumor’ (23). This means that 
a resection margin is negative as long as no tumor cells are found on the resection 

(a) (b) (c)

(d)

(e) (f )
Pathology nr. Pathology nr.

HE 1

Figure 1. Procedure to process (a) fresh lumpectomy specimen to (f ) H&E stained miscroscopy sections. The 
lumpectomy specimen is (b) inkted and (c) sliced to (d) tissue slices. These slices are embedded in parafine, so 
that (e) sections can be obtained from the surface of the tissue slice. This section is placed on a miscroscopy 
slide and stained with H&E (f ). This stain causes nuclei to color dark blue, whereas amino acids and proteins 
turn red/pink. This allows the pathologist to determine if the resection margins are tumor positive or negative. 
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surface. In the Netherlands, the definition of a positive resection margin is the same. 
However, according to the Dutch guidelines, a second operation is only required if 
more than 4 mm of the specimen’s surface is involved with tumor, which is called a 
‘more than focally positive’ resection margin (22). In case of a focally positive resection 
margin (less than 4 mm of the specimen’s surface is involved), only an extra radiation 
boost is prescribed.  

The number of positive resection margins is related to the used clinical guidelines; 
the stricter a guideline, the higher the number of positive resection margins reported, 
and the higher the resection rates after the initial breast-conserving surgery (20). 

2.3 | Techniques for resection margin assessment

Since the histopathological assessment of resection margins currently requires 
up to a few days, no direct feedback can be given to the surgeon during the initial 
procedure. Therefore, multiple other techniques have been explored for resection 
margin assessment during surgery. For an extensive overview of these techniques, we 
refer to references (24-27). Established methods that are currently available in the clinic 
are frozen section analysis (FSA) (19, 24-28), imprint cytology (IC) or touch preparation 
cytology (19, 24-28), specimen x-ray (24-26, 29, 30) and ultrasound (24-27). FSA and IC 
are pathological techniques that achieve relatively high sensitivity and specificity but 
require 15 to 30 minutes and a specialized pathologist or cytologist for a diagnosis. 
X-ray, including specimen radiography and micro-computed tomography, and 
ultrasound are much faster techniques but have a lower diagnostic performance. In 

United States 
of America

the Netherlands

> 4 mm 
= 

re-operation

‘ink on tumor’
= 

re-operation

invasive carcinoma ductal carcinoma in situ (DCIS)

DCIS with 2 mm of resection surface
= 

re-operation

DCIS on resection surface
= 

re-operation
Figure 2. Clinical guidelines for resection margin assessment in the United States of America and the 
Netherlands (21-23). 
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addition, recently the FDA approved the use of a radio-frequency spectroscopy probe 
named ‘MarginProbe’ (24, 25, 27). However, its sensitivity and specificity are low and the 
technique uses point-based scanning which makes margin assessment of the entire 
resection surface impractical. 

2.4 | Requirements for a new resection margin assessment technique

A successful intraoperative margin assessment technique should fulfill a number 
of requirements for use during breast-conserving surgery. First, the whole resection 
margin should be assessed in a limited amount of time, so that the surgeon can receive 
feedback during the initial surgery without extensively prolonging the duration of the 
surgery. Second, the technique should be able to provide margin assessment without 
the need for an experienced operator or interpreter of the results. Third, the diagnostic 
performance of the technique should be good enough, with a minimum sensitivity and 
specificity of 95% and 85%, respectively. This includes the detection of DCIS. Fourth, 
a successful margin assessment technique should be able to assess the resection 
margin according to the applicable clinical guidelines. In the USA, that means that 
DCIS cells should be detected up to 2 mm from the resection surface, whereas for the 
Netherlands, more superficial detection is required (20). In addition, in the Netherlands, 
it is important to assess whether more than 4 mm of the specimen’s surface is involved 
with tumor cells. Therefore, imaging techniques are more suitable than point-based 
techniques as they provide spatial information on the resection surface. 

3 | Hyperspectral imaging

3.1 | History 

Hyperspectral imaging originated in the 1980s with the purpose of being used for 
remote sensing of the earth and planetary exploration (31). Since then, the technique 
has been used for various other applications like agricultural, food and seed quality 
analysis and control (32-34), the visualization of bloodstains in crime scenes (35), 
quality control of counterfeit drugs and medicine (36), environmental monitoring (37, 
38), military defenses (39) and art conservation (40, 41). 

In the 1990s, hyperspectral imaging has been introduced in the medical field (42, 43). 
Amongst others for assessing tissue perfusion (44, 45), evaluating the health of dental 
structures (46, 47), characterization of skin bruises (48, 49) and, more recently, for the 
non-invasive diagnosis of tissue for cancer (50-57). 

3.2 | Explanation of the technique

Hyperspectral imaging combines both imaging and spectroscopy to capture multiple 
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images of an imaged scene at different wavelengths. The term ‘hyper’ reflects the 
number of wavelengths, which is in the order of hundreds or thousands of wavelength 
bands. Hyperspectral imaging generates a three-dimensional dataset, called the 
hyperspectral image or the hypercube, that contains both spatial and spectral 
information of the imaged scene. With the spatial information, a reference can be 
made to the specific location of a spectrum in the imaged scene, whereas the spectral 
information reflects the ‘optical fingerprint’ of the imaged scene, in other words, the 
composition and morphology. The hypercube is collected by either capturing the 
whole scene at once while scanning through the wavelengths (spectral scanning) or 
by capturing a complete spectrum for each point in the imaged scene while scanning 
through the scene (spatial scanning). In this thesis, spatial scanning push-broom 
hyperspectral cameras are used that capture the imaged scene line-by-line by moving 
the scene with respect to the camera. 

Figure 3a shows the hyperspectral imaging setup used in this thesis. The tissue to 
be imaged is placed underneath the camera on a translation stage and illuminated 
by three halogen light sources under an angle of 45 degrees to reduce the amount 
of specular reflection captured. In the tissue, the light undergoes multiple (elastic) 
scattering and absorption events (58). With elastic scattering, the direction of the light 
propagation changes without changing the wavelength of light. In tissue, scattering 
events occur mainly due to fluctuations in the index of refraction within the tissue. In 
case they are caused by particles much smaller than the wavelength of the incident 
light, the scattering is called Rayleigh scattering. In case the size of the particle is in the 
order of, or longer than the wavelength of light, the scattering is called Mie scattering. 

600 800 1000 1200 1400 1600
Wavelength (nm)

0
10

(a) (b)

Wavelength (nm)

Figure 3. (a) Hyperspectral imaging setup used in this thesis. By imaging, (b) a three-dimensional hypercube 
is obtained in which each pixel reflects (c) a diffuse reflectance spectrum. 
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For absorption, the energy of a photon is absorbed by the particle when the frequency 
of the light equals the resonant frequency of the particle. The parts of a molecule 
responsible for this absorption are called chromophores. In the visual wavelength 
range, deoxygenated and oxygenated hemoglobin absorb most of the light due to 
a large number of conjugated double bonds in the ring surrounding the iron atom. 
In the near-infrared wavelength range (~900-1700 nm), absorption is dominated by 
overtones and combinations of O-H, C-H, and N-H groups’ stretching vibrations (59). 
These groups are mainly found in water and fat. 

After interaction with the tissue, part of the light is diffusely reflected back to the 
surface and collected by the hyperspectral camera. Besides the optical properties of 
the tissue, the number of photons captured by the sensor depends on the amount of 
incident light, the properties of the camera and the measurement setup. To only remain 
with the diffusely reflected light that is purely characteristic for the optical properties of 
the tissue, the number of photons need to be converted to the diffuse reflectance. For 
this, the raw data are calibrated using two reference images: a white light image that 
is captured on Spectralon (SRT-99-100, Labsphere, USA), which diffusely reflects light 
with ~99%, and a dark image. Finally, a hypercube is obtained of the tissue in which 
each pixel represents a diffuse reflectance spectrum. As the magnitude and shape of 
the diffuse reflectance spectra are representative of the optical properties of the tissue, 
these can be used to make a differentiation between different tissue types. 

3.3 | Resection margin assessment with hyperspectral imaging

Hyperspectral imaging is a promising technique for intraoperative resection margin 
assessment during cancer surgery: Diffuse reflectance measurements can be 
performed fast, over a wide field of view, without tissue contact and without the 
need for exogenous contrast agents (60). In addition, previous research on diffuse 
reflectance point measurements with a fiber-optic probe showed promising results for 
the discrimination between tumor and healthy tissue in various tissue types (61-71).

The aim of this thesis is to use hyperspectral imaging for resection margin assessment 
on freshly excised tissue. Specifically, during breast-conserving surgery. Therefore, 
optical measurements of the entire resection surface need to take place during surgery 
after resection of the lumpectomy specimen, and data analysis should be performed 
immediately thereafter. As hyperspectral imaging can be performed in the operating 
theatre, this would make it possible to provide direct diagnostic feedback on the 
resection margin to the surgeon so that any residual malignant tissue can be excised 
during the initial operation. 
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4 | This thesis
The goal of this thesis is to investigate the potential of hyperspectral imaging for resection 
margin assessment during breast-conserving surgery. As a first step, the technique 
needed to be benchmarked against the current gold standard: Histopathological 
assessment of the tissue under a microscope by a pathologist. However, the tissue 
under the microscope has been deformed with respect to the tissue that was measured 
with the camera. Chapter 2 describes how we accounted for these tissue deformations 
and presents the method that we used to register the hyperspectral measurements 
with histopathology. 

To obtain the highest correlation with histopathology, we first focused on using 
gross-sectioned breast tissue slices to evaluate the potential of hyperspectral imaging 
for tissue discrimination in the breast. In Chapter 3, we report, to our knowledge, for 
the first time on margin assessment with hyperspectral imaging for breast-conserving 
surgery. We used a hyperspectral camera that operates in the near-infrared wavelength 
range and showed that both imaging the entire resection surface and analyzing 
the data was fast. Most important, the results in classifying tumor in freshly excised 
breast tissue were promising. The most challenging tissue types to differentiate were 
connective tissue and DCIS. 

In Chapter 4, we added visual information by imaging the resected tissue with two 
hyperspectral cameras; the one that operates in the near-infrared wavelength range and 
another one that operates in the visual wavelength range. Thereby, we aim to improve 
the accuracy of connective tissue and DCIS. In addition, we performed hyperspectral 
data analysis using both the spectral and spatial information of the imaged scene. We 
show that the highest classification performance was obtained using the wavelength 
range of both cameras combined and that adding spatial information of the imaged 
scene mainly improved the differentiation of tissue classes within the malignant and 
healthy classes. 

In chapters 3 and 4, we show that hyperspectral imaging is a promising technique to 
discriminate tumorous tissue from healthy tissue in breast tissue. However, since these 
results were acquired by using the full wavelength range of the hyperspectral cameras, 
the amount of tissue below the surface that is assessed however remains unknown. This 
amount of tissue is related to the imaging depth of hyperspectral imaging, which varies 
with wavelength and tissue composition. For resection margin assessment during 
breast cancer surgery, only information about the clinically defined margin width is 
relevant. In Chapter 5, we report on a method that accounts for these imaging depth 
variations. We show that this method can detect tumor up to the required tumor-free 
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margin width. 

In chapter 3-5 we showed the potential of hyperspectral imaging for tissue 
discrimination in the breast using breast tissue slices. In Chapter 6, we made the step 
from imaging tissue slices to imaging the resection margins of lumpectomy specimens 
during surgery. Thereby, we were able to investigate the feasibility of hyperspectral 
imaging as a resection margin technique during breast-conserving surgery. 

This thesis ends with a general discussion in Chapter 7, a summary in Chapter 8, 
and an epilogue in Chapter 9.
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Abstract
For the validation of optical diagnostic technologies, experimental results need to 
be benchmarked against the gold standard. Currently, the gold standard for tissue 
characterization is assessment of hematoxylin and eosin (H&E) stained sections by a 
pathologist. When processing tissue into H&E sections, the shape of the tissue deforms 
with respect to the initial shape when it was optically measured. We demonstrate 
the importance of accounting for these tissue deformations when correlating optical 
measurement with routinely acquired histopathology. We propose a method to register 
the tissue in the H&E sections to the optical measurements, which corrects for these 
tissue deformations. We compare the registered H&E sections to H&E sections that 
were registered with an algorithm that does not account for tissue deformations by 
evaluating both the shape and the composition of the tissue and using microcomputer 
tomography data as an independent measure. The proposed method, which did 
account for tissue deformations, was more accurate than the method that did not 
account for tissue deformations. These results emphasize the need for a registration 
method that accounts for tissue deformations, such as the method presented in this 
study, which can aid in validating optical techniques for clinical use.
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1 | Introduction
Optical technologies can potentially be used for tissue characterization in, for example, 
the detection of positive resection margins during cancer surgery. These technologies 
are based on the principle that light that has undergone interaction with the tissue, 
contains information regarding the composition, morphology, and microvasculature 
of the tissue that can be used to discriminate different tissue types. Validation of 
these optical measurements is done by comparing the experimental results with 
the gold standard (1). Currently, the gold standard for tissue characterization is 
an assessment of microscopy sections, which are stained with hematoxylin and 
eosin (H&E), by a pathologist. However, the tissue in the H&E sections, used for 
histopathologic assessment, is profoundly deformed compared to the appearance of 
the tissue during the optical measurements (2-4). These deformations are introduced 
when the tissue is processed into H&E sections as explained and shown in Figure 1. 
Part of these deformations is related to tissue shrinkage due to formalin fixation and 
tissue compression and stretching when the tissue is embedded into paraffin blocks. 
Consequently, overlaying digitalized H&E sections over images that reflect optical 
measurements of the fresh, unfixed tissue is prone to registration errors (5-8). 

(a) Shape of tissue: 
as optically measured

(b) Shape of tissue: 
in parrafin

(c) Shape of tissue: 
in H&E section

Figure 1. Histopathologic processing of the tissue. After arrival at the pathology department, the margins 
of the specimen are colored and the tissue is dissected into tissue slices (~3 mm thick). (a) shows the white 
light image of the tissue slice that is selected for optical measurements. After these measurements, the slice 
is fixed in formalin, and embedded in paraffin. (b) shows the white light image of the paraffin-embedded 
tissue slice. From this paraffin embedded tissue slice, ~3µm thin sections are cut, which are stained with H&E 
stain. (c) shows the H&E section of the tissue slice, which is available a few days after surgery.  Due to the 
histopathologic processing of the tissue, (c) is deformed in comparison to (a).

In our research group, we use diffuse reflectance spectroscopy (DRS) for tissue 
characterization by means of a camera (hyperspectral imaging (HSI)) or fiberoptic 
probe (point measurements). With this optical technology, diffusely reflected light is 
measured after it has undergone multiple absorption and scattering events in the tissue. 
Therefore, a DRS measurement will contain information regarding the composition, 
morphology, and microvasculature of the tissue.  
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Registration errors between a DRS measurement and histopathology could negatively 
affect the assessment of the accuracy of this technology. The problem becomes even 
more relevant when developing classification algorithms, in which adding the correct 
histopathology label to each measurement is crucial. Accurate correlation between 
the optical measurements and histopathology is acknowledged as an important 
challenge encountered during clinical validation of optical technologies (1, 9, 10). 
However, there is only limited literature focusing on correlating optical measurements 
with histopathology (11-13), and when a method for correlating the optical data to 
histopathology is described, the reported registration methods do not seem to correct 
for tissue deformation (14-16).

 In this article, we demonstrate the importance of accounting for tissue deformations 
when correlating optical measurements with histopathology. For this, we use the 
histopathologic information that becomes available after the standard histopathologic 
protocol.  No additional tissue was processed into H&E sections outside the standard 
sampling procedure to prevent impairing clinical diagnosis: embedded material might 
be needed in a later stage for clinical diagnostic purposes. In this study, we propose a 
registration method that considers tissue deformations parallel to the tissues’ surface 
and show that for an accurate correlation, tissue deformations should be taken into 
account when correlating optical measurements with histopathology.

2 | Materials and methods

2.1 | Study design

Data were obtained from fresh ex vivo breast tissue slices: The optical measurements 
(both hyperspectral images and fiberoptic probe measurements) and a white light 
image were acquired simultaneously. In addition, microcomputed tomography (μCT) 
data were obtained right after the optical measurements. Therefore, we assumed that the 
tissue did not deform between the acquisition of the optical measurements, the white 
light image, and the μCT data. As such, both the optical measurements and μCT data 
were registered to the white light images. A few days after the optical measurements, 
histopathologic information (H&E section) was available. Our proposed method 
consists of correlating the H&E section to the white light image using a combination 
of affine and deformable registration. We compared the registration of our proposed 
registration method with the registration after using only an affine registration method, 
which does not account for tissue deformations. We quantified this accuracy using 
the μCT data as an independent modality. Finally, we compared the registered H&E 
sections using both registration methods with our optical measurements.
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2.2 | Ex vivo tissue specimens

Breast specimens were obtained from patients undergoing breast surgery, either breast-
conserving or mastectomy, at the Antoni van Leeuwenhoek Hospital. The study was 
approved by the Institutional Review Board of the Netherlands Cancer Institute/Antoni 
van Leeuwenhoek, and according to Dutch law (WMO) no written informed consent 
was required. The specimens were brought to the pathology department immediately 
after surgery. There, after coloring of the resection margins, the specimens were frozen 
and sliced in a bread-loafed manner. One tissue slice was placed in a macrocassette. 
Black rubber was placed underneath the tissue to ensure that measured spectra only 
originated from the tissue.

2.3 | White light images

Prior to the DRS measurements, an overview white light image of the specimen in 
the macrocassette was acquired. This image was used as a reference since the tissue 
remained in the macrocassette throughout the measurements.

2.4 | DRS measurements

2.4.1 | Hyperspectral imaging

Hyperspectral images were obtained with a push-broom HSI setup (VLNIR CL-350-
N17E, Specim, Spectral Imaging Ltd., Finland) that captures light in the near-infrared 
(~900-1700 nm, 256 wavelength bands, 5 nm increments) with an InGaAs sensor 
(320 x 256 pixels). The setup (shown in Figure 2a) and measurement calibration are 
described in a prior publication (17). In short, the tissue is placed under the camera and 
imaged line-by-line through moving the imaged scene. Thereby a three-dimensional 
(3D) hypercube is obtained that contains multiple two-dimensional (2D) images of the 
tissue at different wavelengths, i.e. each pixel in the 2D image contains a full diffuse 
reflectance spectrum (Figure 2b). Raw hyperspectral data obtained from the tissue 
were normalized to a diffuse reflectance percentage relative to Spectralon (SRT-99-100, 
Labsphere Inc., USA).

2.4.2 | Fiberoptic probe

Fiberoptic point measurements were acquired with a measurement setup (shown in 
Figure 2c) including a broadband light source, a spectrometer for the visual wavelength 
region (DU420A-BRDD, Andor Technology, North-Ireland) and a spectrometer for the 
near-infrared region (DU492A-1.7, Andor Technology,  North-Ireland). A fiberoptic 
probe was attached to the measurement setup to measure diffuse reflectance spectra 
between 400 and 1600 nm (Figure 2d) (18, 19). The distance between the illuminating 
and collecting fiber at the tip of the probe was 1 mm. Before measuring, the setup 
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2.5 | Microcomputed tomography (μCT) data

After the optical measurements, the grid was removed and the μCT data were acquired. 
During the optical measurements and μCT imaging, the tissue remained in the 
macrocassette and the black rubber was not removed. With the SkyScan 1275B (Bruker, 
Belgium), μCT data were acquired using either 40 kV source voltage and 250 μA source 
current, or 50 kV source voltage and 200 μA source current and a 1 mm Aluminum filter. 
The exposure time varied between 39 and 105 ms, and one scan consisted of 1801 
(0.2° increments) to 901 (0.4° increments) projections. Reconstruction of the data was 
performed with 30-50 μm resolution using SkyScan’s NRecon software. 

Hyperspectral imaging(a) (c) Fiberoptic DRS

Hyperspectral data(b) Probe data(d)
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Figure 2. Optical measurement setups. The tissue was measured with the hyperspectral camera (a) to 
obtain a 3D hypercube (b), in which each pixel contains a diffuse reflectance spectrum. Next, the tissue was 
measured with the fiberoptic probe (c) to obtain a diffuse reflectance spectrum (d).  

was calibrated by acquiring a white reference measurement of Spectralon (SRT-99-100, 
Labsphere Inc., USA) in a calibration cap. 

To acquire a DRS measurement, the probe was brought in contact with the tissue. 
During the probe measurements, a custom-made grid with holes (consisting of two 
pieces and shown in Figure 2c) was placed on top of the tissue to gently fixate the 
tissue in the cassette and allow correlation between the measurement locations and 
H&E section afterward. The grid was 3D printed and transparent. In addition, the grid 
stabilized the probe while ensuring contact between the probe and the tissue and 
restraining it from moving during measurements. 
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2.6 | H&E sections

After measuring, the tissue slice was brought back to the pathology department and 
processed in H&E sections according to standard protocol. The side of the specimen 
used for the optical measurements was marked with methylene blue to ensure that the 
H&E section was taken from the same side. After digitalizing the H&E sections with the 
Aperio ScanScope AT2 (Leica Biosystems, Germany), tumor tissue was labeled in the 
H&E images by a pathologist. The remaining tissue in the H&E sections, fat tissue and 
connective tissue, was labeled by thresholding the RGB channels of the H&E images 
since fat tissue is transparent and therefore white in H&E sections and connective tissue 
colors pink. 

2.7 | Registration of H&E section

The registration of H&E sections to the optical measurements required multiple steps, 
which are shown in Figure 3. Prior to the registration, we confirmed that the H&E section 
was obtained from the measured surface of the tissue, in other words, the correct 
side, using the μCT data. All image registrations were made using MATLAB 2018a 
(MathWorks Inc., USA). To prevent possible bias, the H&E image without the tissue labels 
was used throughout the process. Subsequently, after finishing the registration, the 
same registration steps were applied to the H&E image with the tissue labels. First, the 
background of both the H&E image and the white light image was manually removed 
(Figure 3, step 1). Second, the H&E image was rescaled using the shape of the tissue in 
both images such that the size of the tissue was matching the size of the tissue in the 
white light image (Figure 3, step 2).
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(moving)

Registered 
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Control points 
WL image 
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(moving)

Figure 3. The steps required to register the H&E image to the white light (WL) image.

2.7.1 | Affine registration
To compensate for rotation between the H&E image and the white light image, an 
affine registration was made between the two images. This was accomplished by using 
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the shape of the tissue on both images and cubic interpolation (Figure 3, step 3). The 
registration error, which was minimized using the least squares nonlinear solver in 
MATLAB, was defined as the sum of the difference between the shape of the tissue on 
the white light image and the registered H&E image. 

2.7.2 | Affine + deformable registration

For the affine + deformable registration, an additional step was applied after the affine 
registration (Figure 3, step 4). First, control points were manually selected in both the 
H&E image (moving image) and the overview white light image (fixed image). Thereby, 
each control point in the H&E image had a corresponding point in the white light 
image. Two persons manually selected control points independently to make two 
registrations. In addition, the control points of both observers were combined to form 
the basis of one mean registration. 

Figure 4 shows the control points selected by observer 1 in one representative 
example. First, control points were placed on distinctive features in both the H&E image 
and the white light image (Figure 4c & 4d). After assigning points to these features, 
additional points were placed in large areas of the images without any control points. 
These additional control points included four points in the corners of the images and 
a number of points surrounding the tissue. Without the additional control points, the 
algorithm is unable to accurately perform the local weighted mean transformation. For 
the deformable registration, a nonrigid local weighted mean transformation with 12 
and 24 neighboring control points for the individual and mean registration respectively 
was applied using the built-in MATLAB function ‘fitgeotrans.m’. 

(a) (b)

(c) (d)

Figure 4. Representative example of control points (green and blue dots) selected by observer 1 in (a) the 
H&E image and (b) the white light image. The yellow squares in (a) & (b) correspond to the magnified squares 
(c) & (d). 
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2.7.3 | Registration of optical measurements to white light images

The optical measurements were registered to the white light image to bring both 
histopathologic and optical data into the same coordinate system. In the case of the 
hyperspectral images, a simple affine registration based on the shape of the tissue in 
both the hyperspectral image and white light image sufficed. 

For the fiberoptic probe measurements, a more extensive registration was required. 
To retrieve the probe measurement locations in the overview white light image, we 
used (I) a schematic image of the grid, (II) a white light image of the tissue with the grid 
on top, and (III) the overview white light image (Figure 5). First, the schematic image of 
the grid was registered to the white light image including the grid using a projective 
registration. This was done by aligning the measurement locations in the four corners 
of the grid in both images. Second, to account for small deformations to the tissue 
caused by the grid, the white light image including the grid, was registered to the 
overview white light image using a deformable registration (similar to the registration 
method presented in Section 2.7.2). The calculated transformation matrices from both 
registrations were applied to the schematic image of the grid. With the final result 

(a) (b)
schematic 
image grid

WL image under-grid WL image
under-grid

overview WL image

Not registered
Registered to

WL with under-grid
Registered to

overview WL image

Projective 
registration

Deformable 
registration

Example Example
Result

Measurement loc.

Figure 5. Measurement locations of the fiberoptic probe measurements. (a) A schematic image of the 
under grid (I) was registered to a white light image of the tissue with the grid on top (II) using a projective 
registration. (b) Subsequently, the white light image with the grid (II) was registered to the overview white 
light image (III) with a nonrigid (deformable) registration. The result after both registrations is the overview 
white light image with a projection of the measurement locations (IV).
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(Figure 5, IV), each measured probe location can be defined in relation to the overview 
white light image. All registrations were made using MATLAB 2018a (MathWorks, USA). 

2.8 | Data analysis
To quantify the registration performance after affine registration and affine + 
deformable registration, two measures were used. First, the shape of the tissue in the 
H&E image with respect to the shape of the tissue in the white light image was analyzed 
using the Dice similarity coefficient (DICE) (20). DICE is a measure for comparing 
the similarity of two images by measuring the overlap of the shape of the contour. 
Second, the tissue composition based on the H&E image was compared with the tissue 
composition in the μCT data by using the point biserial correlation coefficient (rpb) 
(21). This is a special case of the Pearson’s correlation coefficient (Pearson’s r) suitable 
for calculating the correlation between a continuously measured variable (μCT) and 
a dichotomous variable (H&E section). An absolute rpb of 1 indicates a perfect linear 
correlation, whereas an rpb of 0 indicates no correlation. In addition, we compared the 
composition of the tissue in the H&E image with the composition estimated with the 
optical measurements using the Pearson’s r. To compare the composition of the tissue 
in all modalities, we focused on discriminating fat from nonfat tissue since these tissue 
types can be well discriminated in all modalities. 

2.8.1 | Fat percentage in μCT data

Even though with μCT data no actual fat percentage could be obtained, a lower µCT 
gray value is related to a higher fat percentage (22).  Since the 3D μCT data will be 
correlated to 2D data (the 2D H&E image and the 2D estimated fat percentage of the 
optical measurements), the 3D data was reduced to a 2D image. For this purpose, first, 
the height of the tissue in the 3D μCT volume was determined to obtain the superficial 
cross-section. To prevent imaging artifacts at the transition of nontissue to tissue, the 
superficial cross-section was defined at 0.15 mm underneath the determined tissue 
height as shown in Figure 6a. Subsequently, a second deeper cross-section was defined 
at 1 mm underneath the first cross-section. Third, over this 1 mm distance, an average 
was calculated per pixel. Thereby, a 2D image was obtained that represents the average 
µCT gray value over that 1 mm tissue thickness. An example of such a 2D image is 
shown in Figure 6b.

2.8.2 | Fat percentage in H&E image

With the labels of the H&E image, the tissue in the H&E image was binary divided into 
fat and nonfat tissue in MATLAB. The latter group contained tumor, connective tissue, 
and normal glandular ducts. The entire binary image was compared to the 2D image of 
the μCT data. In addition, for comparing the fat percentage in the H&E image with the 



31

Method for coregistration of optical measurements with histopathology

2

estimated fat percentage from the optical measurements, the average fat percentage 
of the measurement locations of the probe was calculated. This percentage was the 
percentage of fat pixels within a circle (diameter = 2 mm) around the centroid of the 
measurement location. 

2.8.3 | Fat percentage in optical measurements
Optical measurements were spectrally fitted with an analytical model that was derived 
from diffusion theory using a Levenberg-Marquardt nonlinear inversion algorithm in 
MATLAB. For the fiberoptic probe, each measurement location was fitted and for the 
hyperspectral measurements, each pixel in the image that contained tissue was fitted. 
For the optical probe, this analytical model was described elsewhere (23, 24). For the 
hyperspectral camera, the analytical model used is given as (25)
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sµ  and aµ  are the scattering and absorption coefficients, 

respectively, and given as

Sideview μCT

Average gray value between cross sections

(a)

(b)

1 cm

Figure 6. Determination of the average fat percentage within 1 mm of the surface of the tissue. (a) shows 
the side view of a µCT image with 2 red lines that indicate the superficial cross-section, located 0.15 mm 
underneath the tissue height, and the deeper cross-section, located 1 mm underneath the superficial cross-
section. The side view corresponds to the dotted line in the 2D image (b) that represents the average gray 
value of the tissue within the two cross-sections.
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where µ '
,1197s  is the reduced scattering at 1197 nm and b the scatter power. υWL is the 

fraction of water and lipid in the tissue and assumed to be 100% in the near-infrared 
wavelength region because water and lipid are the dominant absorbers in this 
wavelength region. μa,water and μa,lipid are the absorption coefficients of water and lipid, 
respectively, and [lipid] and [water] correspond to the concentration of lipid and water, 
respectively. 

3 | Results

3.1 | Acquired data

Optical measurements and μCT data were acquired of 13 specimens. One specimen 
was excluded from further analysis because the slice was not thick enough to obtain a 
reliable 2D μCT image. Table 1 lists the characteristics of the tissue slices.

Specimen

Table 1. Characteristics of included specimens.

62 * 38 3.51

43 * 32 2.52

50 * 33 2.75

35 * 28 2.86

Size (mm) Slice thickness (mm)

60 * 43 3.03

64 * 46 6.64

(height * width) (depth)

48 * 25 3.47

45 * 46 3.88

47 * 43 5.511

60 * 35 3.212

45 * 17 3.29

46 * 35 4.510

3.2 | Registration of H&E section

3.2.1 | Shape of the tissue: DICE

Figure 7 shows an example of an H&E image after affine registration and after affine 
+ deformable registration (mean registration of both observers) and the effect of 
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Figure 7. Example of one of the tissue slices after (a) affine registration and (b) affine + deformable 
registration. The second column shows (c) the shape of the original H&E section with a striped pattern, and 
(d) & (e) its transformation after both registrations. The third column shows (f ) the white light image, which 
was used to calculate the DICE coefficient (g) & (h). The fourth column shows (i) the average µCT intensity 
between the cross sections and (j) & (k) the rpb coefficient with the H&E sections after both registrations.  The 
arrow indicates a structure that is easy to distinguish on both the µCT and the H&E image that respectively 
did and did not match after affine and affine + deformable registration. The values between brackets in (g), 
(h), (j) & (k) correspond to the DICE and rpb coefficient respectively.

the transformations. The affine registration only scaled and rotated the H&E section, 
and hardly any deformations are observed between the striped H&E section before 
(Figure 7c) and after affine registration (Figure 7d). The DICE coefficient was 0.93 for this 
registration. After affine + deformable mean registration (Figure 7e) however, a large 
transformation can be observed which increased the DICE coefficient from 0.93 (Figure 
7g) to 0.97 (Figure 7h).
   Table 2 shows the DICE coefficient after both registrations, given as the average of all 
samples and the standard deviation (std). For all samples, this DICE coefficient was high 
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after both registrations. On average, the highest DICE coefficient was obtained using 
the affine + deformable registration. 

Table 2. Registration accuracy of the histopathology section using two registration 
methods; measured using Dice coefficient (DICE) and point biserial correlation (rpb). 
#cp stands for the mean ± std of paired control points used.

Affine registration

Affine + deformable registration

Shape: 
DICE

Composition: 
rpb

Mean Std. Mean Std.

0.91 0.03 0.36 0.20

Mean (#cp = 233 ± 35) 0.94 0.02 0.47 0.18

Observer 1 (#cp = 157 ± 41) 0.94 0.02 0.46 0.18

Observer 2 (#cp = 80 ± 27) 0.93 0.03 0.47 0.17

3.2.2 | Composition of the tissue: rpb

In addition to the DICE coefficient, we used the rpb coefficient to compare the composition 
of the tissue in the H&E image with the composition of the tissue in the μCT data. As 
stated in Section 2.8, an absolute rpb of 1 indicates a perfect linear correlation, whereas 
an rpb of 0 indicates no correlation. Inspecting the structures in the tissue that are easy 
to distinguish (orange arrows in Figure 7i-k) reveals that, the composition of the tissue 
in the H&E section did not match the composition of the tissue in the μCT data after 
only affine registration. This was corrected for after registering the H&E section with 
both the affine + deformable algorithm (Figure 7k). The rpb coefficient increased from 
0.24 to 0.53.

As can be seen in Table 2, averaged over all specimens, the rpb increased substantially 
from the affine registration to the affine + deformable registration. Furthermore, when 
comparing the affine registration with the affine + deformable registration, on average 
over all specimens, 23% of the pixels had a different label (fat versus nonfat). Of these 
pixels, before the deformable registration step, 49% were labeled as nonfat, and 51% 
were labeled as fat. 

3.2.3 | Practical consequence of the proposed registration method: Required 
time and operator dependence 

The required time for registration depended on 1) the size of the tissue, and 2) the 
number of distinctive features in both images when selecting the control points. On 
average, the time required for removing the background in both the H&E image and 
the white light image was ~10 minutes. Rescaling the H&E image to the white light 
images and applying the affine registration was fast and took less than one minute. 
The most time-consuming part of the registration was the selection of control points 
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in both images. This took around 15 minutes per observer. The registration of the 
optical measurement to the white light images required less than one minute for the 
hyperspectral images and ~15 minutes for the fiberoptic probe measurements.

In this study, two observers, both experienced in registering H&E sections to white 
light images, selected control point pairs to perform the deformable registration. To 
assess the operator dependence of the affine + deformable registration method, the 
registrations of the two observers separately were compared. As shown in Table 2, the 
number of control point pairs varied between the registration of both observers and the 
mean registration (in which the control points of the two observers were combined). 
However, the differences between the mean registration, the registration of observer 1, 
and the registration of observer 2 are minimal for both the DICE and rpb.

3.2.4 | Correlation with optical measurements

The fat percentage derived from the H&E sections was compared to the fat percentage 
derived from the optical measurements to assess the effect of accounting for tissue 
deformations in the correlation between histopathology and optical measurements. 
A clear distinction was made between ‘unaltered’ and ‘altered’ points. In the altered 
points, the averaged fat percentage derived from the H&E section varied with more 
than 20% before and after deformable registration. The unaltered points are the 
remaining points. In case of a perfect correlation between optical measurements and 
histopathologic information, the fat percentages in both modalities would be equal 
and therefore the Pearson’s r will equal 1. 

In the representative tissue slice shown Figure 8, 7 out of 17 probe measurements 
are ‘altered’ points (cyan circles). Of these seven locations, the fitted fat percentage 
of the optical measurements was plotted against the fat percentage according to 
the histopathology after affine registration (Figure 8d) and after affine + deformable 
registration (Figure 8e). The fit results of both optical modalities have small confidence 
intervals and are similar. Figure 8d & 8e show that the linear correlation between the 
optical and the histopathologic fat percentage improved substantially after adding the 
deformable registration for both the probe and the camera. The Pearson’s r improved 
from 0.08 to 0.93 and from 0.01 to 0.93, for the probe and the camera respectively. 

Of all 234 locations that were measured with the fiberoptic probe, we compared 
the fat percentage of the optical measurements with the fat percentage according to 
the histopathology after affine registration and after affine + deformable registration 
(Table 3). We did this for the fitted fat percentages derived from both the probe and the 
hyperspectral measurements. Even though these fat percentages were not equal, they 
were similar and highly correlated with a Pearson’s r of  0.87. 
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For the 186 ‘unaltered’ points, the Pearson’s r is not different before and after adding 
the deformable registration. For these points, using only affine registration, the Pearson’s 
r was 0.90 and 0.86, for the probe and HSI data respectively. Adding the deformable 
registration step produced a Pearson’s r of 0.91 for the probe measurements and 0.89 
for HSI data. Thus, as the deformable registration resulted only in a slightly higher 
Pearson’s r, correcting for tissue deformations was considered not necessary for these 
measurement locations. For the 48 ‘altered’ points, however, adding the deformable 
registration strongly enhanced the correlation between the optical measurements 
and histopathologic information. The Pearson’s r increased from 0.36 to 0.61 for the 
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Figure 8. Comparison of registered H&E sections with optical results in one representative specimen. The  
H&E section after affine registration (a) and after affine + deformable registration (b) is displayed. In (c) the 
fitted fat percentage derived from the HSI (whole image) and the probe measurements (colored circles) is 
shown. The color of the circles in (a) and (b) indicates that the ratio of fat and nonfat tissue between the two 
registration methods differed less than 20% (black) or more than 20% (cyan). The fat percentage obtained 
with the optical measurements (as demonstrated in (c)) of the cyan colored locations is plotted against the 
fat percentage obtained after affine registration (d) and affine + deformable registration (e). The error bars 
represent the standard deviation of the fitted fat percentages. The dotted lines represent the linear fitted line 
through the measurements.
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HSI measurements, and from 0.36 to 0.66 for the probe measurements. These findings 
confirm the importance of accounting for tissue deformations when correlating optical 
measurements with histopathology.

4 | Discussion
Coregistration between optical measurements and histopathology is extremely 
important to validate an optical diagnostic technology. Due to deformation of the 
tissue during histopathology processing, an accurate correlation between optical 
measurements and the gold standard requires registration of H&E images to the optical 
measurements. Especially in tissue with an inhomogeneous character, such as breast 
tissue, this correlation is crucial for validating the optical measurements with the current 
gold standard. In this paper, we highlight the importance of accounting for tissue 
deformations when correlating optical measurement with histopathology. As such, we 
present a methodology for making a registration between optical measurements and 
the gold standard using an affine + deformable registration method. In this process, 
the H&E images were registered to a white light image that was taken simultaneously 
to the optical measurements. This registration approach was compared to a simple 
registration method using only an affine registration that does not account of tissue 
deformations. The performance of both registration methods was quantified using a 
different independent imaging modality, μCT. The registrations were assessed by first, 
comparing the shape of the tissue by calculating the DICE for each registration, and 
second, by comparing the composition of the tissue by calculating the rpb. Although 
both registration methods have high DICE coefficients (> 0.90), the affine + deformable 
registration provides the highest registration accuracy when evaluating both the shape 
(DICE) and the composition of the tissue (rpb). 

H&E sections after affine registration and after affine + deformable registration 
were compared to µCT data to see which registration method results in the smallest 

Table 3. Comparison of the fat percentage according to the optical measurements 
and the histopathology after both registrations using the Pearson Correlation 
Coefficient (Pearson’s r). The altered points represent points in which the averaged 
fat percentage derived from the H&E section varied with more than 20% before and 
after deformable registration.

Unaltered points

Probe HSI

Affine registration 0.90 0.86

Affine + deformable registration 0.91 0.89

Affine registration 0.36 0.36

Affine + deformable registration 0.66 0.61
Altered points
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registration errors between histopathology and optical measurements. We showed 
that accounting for tissue deformations is important for reducing the registration error 
between optical measurements and histopathology. It should be noted, however, that 
in all cases the H&E section remains a 2D image of one cell layer thickness whereas 
the optical measurements represent the optical properties of a volume of several mm3. 
Therefore, differences in depth will not be expressed in the H&E section, although such 
differences will affect the optical measurements. This phenomenon can be seen in 
Figure 6 and has also been reported by Ma et al., who showed that the tissue architecture 
may change between adjacent tissue sections (24). In addition, the thickness of the 
tissue within a tissue slice varies, as can be seen in Figure 6. In practice, the pathology 
technician will keep slicing sections from the paraffin-embedded tissue until a section 
is obtained that encloses the complete shape of the tissue slice. Therefore, the H&E 
section does not necessarily represent exactly the surface of the tissue as it was 
measured with the optical techniques. To account for this, we compared the registered 
H&E sections with µCT data over a tissue thickness of 1 mm underneath the tissue’s 
surface. The authors realized that the fact that the H&E sections are only a cell layer thick, 
and the height of the tissue differs over the surface, are limitations in obtaining a fully 
accurate correlation between the H&E sections and the optical measurements. These 
circumstances also explain why a registration accuracy of 100% can never be obtained. 
However, as we use human material that is processed for diagnostic purposes, we were 
only able to obtain the histopathologic information that becomes available after the 
standard histopathologic protocol. Therefore, methods like 3D histology as described 
by Kartasalo et al. and Pichat et al. could not be implemented (25, 26).

A limitation of the affine + deformable registration method as currently described is 
the manual input that was required, which makes it time-consuming. In addition, the 
method can be operator-dependent as the observers have to manually place points in 
both the H&E image and the overview white light image based on distinctive features 
that they recognize in both images. 

In this study, registrations were made by two observers, with the same experience 
in registering H&E images to white light images. We showed that, even though the 
number of selected control point pairs varied between both observers, the registration 
accuracy was similar (Table 2). Therefore, registering the white light image with the 
H&E section using only the input of one of the two observers would also have resulted 
in an accurate registration. However, care should be taken when observers are less 
experienced. Also, we did not investigate how the number of neighboring control 
points that were used in the local weighted mean transformation impacted the 
registration. Optimization might be possible by using more or less neighboring points.  
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To reduce processing time, Naranjo et al. presented several registration methods 
to register infrared images with H&E stained sections, with the ultimate goal to 
automatically segment regions in the infrared data (11). However, in their study, H&E 
stained sections needed to be registered to sections of the tissue samples that are 
only a few cell layers thick, whereas in our study the tissue samples are ~3mm thick. 
Furthermore, the total area of tissue that was registered to an H&E section in Naranjo’s 
research was much smaller than the surface that was registered in this study. Due to 
these differences, their automatic key point selection method, which was based on 
finding the centroids of cells, was not applicable to our data. In their study, the projective 
transformation is reported to provide the best registration. This generalization of an 
affine transformation is a much less complex registration method compared to the 
affine + deformable method as proposed in this research. The projective transformation 
was sufficient in their study probably because the tissue slices were much smaller and 
therefore less deformation was present. 

As shown in Table 2 and Figure 7, the rpb increased substantially from affine 
registration to affine + deformable registration. Also, when comparing the labels of the 
H&E after affine registration and the H&E section after affine + deformable registration, 
on average 23% of the pixels obtained a different label. This result is confirmed by 
comparing the Pearson’s r of only affine registration or affine + deformable registration 
of the altered points (Figure 8 and Table 3). However, for the altered points, the Pearson’s 
r remained lower compared to the unaltered points. This might be explained by the fact 
that the altered points are more likely to be located at a tissue transition. Therefore, 
there is an increased chance that the estimated tissue composition is different from the 
composition optically measured. Nevertheless, using a different registration method 
leads to different labeling of a substantial part of the optical measurements. This 
potentially has a strong positive effect on the maximum classification performance 
that can be obtained with the optical techniques. 

Although, the fit results of the two optical modalities used are not exactly the 
same, the linear correlation between the fat percentage derived from the optical 
measurements and the histopathologic fat percentage improved for both optical 
modalities after adding the deformable registration method to the affine registration. 
Differences between the fit results of the optical techniques can be explained by a 
difference in the measurement configuration: The distance between the illuminating 
and collecting fiber determines the measured volume with the fiberoptic probe, 
whereas for the hyperspectral camera the volume is mainly depended upon the 
tissue properties. Therefore, both configurations might measure a different volume, 
resulting in a difference between the obtained fat percentages. Nevertheless, the 
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linear correlation between the fat percentages derived from the probe and the camera 
measurements is high with a Pearson’s r of 0.87.

In this study, we used μCT as an independent 3D modality to quantify both 
registration methods. Abe et al. have reported on using MRI for imaging of pathology 
slices and showed good image quality (27). In our study, we did attempt to quantify the 
registration methods with MRI using the mDIXON-Quant sequence. This sequence was 
chosen as it can make excellent discrimination between fat and nonfat tissue (28-30). 
However, the resolution, although acquired with a relatively high-resolution voxel size 
of 0.6 x 0.6 x 0.9 mm, proved to be too low for quantifying the registration methods. In 
the study of Abe et al., an animal MRI with a higher magnetic field (9.4T) was available 
than the clinical human wide-bore 3T MRI available in this study. For this reason, in this 
study, MRI data could not be used for quantifying the coregistrations and was thus not 
included in the analysis. 

A disadvantage of using only μCT data was that we could only discriminate fat from 
nonfat tissue. In which the latter included both connective tissue and tumor tissue. 
One of the reasons was the low contrast between tumor and healthy fibro-glandular 
breast tissue in the µCT scans. This has been reported by previous research as well (31). 
Other studies indicate that this differentiation should be possible (22). However, in that 
specific study, biopsy specimens were imaged with a much higher resolution than the 
resolution that could be obtained in this study. Nevertheless, the μCT data in this study 
functioned as an independent measure to discern areas of fat and nonfat. The use of 
µCT was not intended to replace the current gold standard, but allowed us to quantify 
the registration accuracy of H&E images.

It should be noted that this research was conducted mainly to improve the validation 
of optical measurements based on the current gold standard. As previously explained, 
the H&E section remains a 2D image of one cell layer thickness and will, therefore, no 
matter which registration method is used, never completely represent the volume 
measured with the optical modalities. In addition, histopathology can also suffer 
from other potential flaws arising from factors such as intra-observer variation (32-
34), inter-observer variation (35, 36), under sampling (37, 38), and specimen handling 
and reporting (39-42). Nevertheless, there is no way in validating the technology 
without considering the current gold standard. Therefore, once established as a robust 
diagnostic technology, the true potential of optical measurements in clinical practice 
should be assessed with evaluation of clinical end-points like, for breast cancer surgery, 
a decrease in positive resection margins or decrease in excised specimen volumes. 
In conclusion, for an accurate correlation between histopathologic information 
and optical measurements, tissue deformations should be taken into account in the 
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registration. The proposed registration method in this study, which does account for 
these tissue deformations, shows a better correlation with the optical measurements. 
Although it is labor intensive, adding the deformable registration step can aid in 
validating the optical measurements with the current gold standard.
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Abstract

Purpose: Complete tumor removal during cancer surgery remains challenging due 
to the lack of accurate techniques for intraoperative margin assessment. This study 
evaluates the use of hyperspectral imaging for margin assessment by reporting its use 
in fresh human breast specimens. 

Experimental Design: Hyperspectral data were first acquired on tissue slices from 18 
patients, after gross sectioning of the resected breast specimen. This dataset, which 
contained over 22,000 spectra, was well correlated with histopathology and used to 
develop a support vector machine classification algorithm and test the classification 
performance. In addition, we evaluated hyperspectral imaging in clinical practice 
by imaging the resection surface of six lumpectomy specimens. With the developed 
classification algorithm, we determined if hyperspectral imaging could detect 
malignancies in the resection surface. 

Results: The diagnostic performance of hyperspectral imaging on the tissue slices was 
high; invasive carcinoma, ductal carcinoma in situ, connective tissue, and adipose tissue 
were correctly classified as tumor or healthy tissue with accuracies of 93%, 84%, 70%, 
and 99%, respectively. These accuracies increased with the size of the area consisting 
of one tissue type. The entire resection surface was imaged within 10 minutes, and 
data analysis was performed fast, without the need of an experienced operator. On 
the resection surface, hyperspectral imaging detected 19 of 20 malignancies that, 
according to the available histopathology information, were located within 2 mm of 
the resection surface. 

Conclusion: These findings show the potential of using hyperspectral imaging for 
margin assessment during breast-conserving surgery to improve surgical outcome.
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1 | Introduction
One of the major challenges of cancer surgery remains the complete removal of the 
tumor. Therefore, positive resection margins, which indicate that tumor resection is 
incomplete, are frequently found after various kinds of cancer surgery (1). Specifically 
for breast cancer, in up to 37% of the 500,000 women undergoing breast-conserving 
surgery in the United States and Europe each year, resection margins are tumor-positive 
(2-6). For these patients, additional surgery or a radiotherapy boost of the resection 
area is needed, which has a major impact on the cosmetic outcome, patients’ quality of 
life, and health care costs (7,8). 

Currently, evaluation of positive resection margins is performed by histopathologic 
evaluation of the margins under the microscope and typically requires several days. The 
number of tumor-positive resection margins could be reduced by assessing resection 
margins during surgery. Methods currently available in the clinic for intraoperative 
resection margin assessment are frozen section analysis, touch preparation cytology, 
intraoperative ultrasound, and specimen radiography (9-12). However, because these 
methods are either time-consuming or exhibit a low accuracy, there is still a clear 
unmet need for a more effective intraoperative margin assessment technique. 

Therefore, several other techniques have been proposed for margin assessment 
during breast-conserving surgery (9-25). Among these techniques are the use of various 
fluorescent imaging probes (13,14), optical coherence tomography (15), photoacoustic 
tomography (17), and optical spectroscopic methods like Raman spectroscopy (18,19), 
and diffuse reflectance spectroscopy (22-25). Despite the potential of these techniques, 
they have various drawbacks, like the need for exogenous contrast agents, excessive 
time to assess the entire resection surface, or a low diagnostic performance in detecting 
ductal carcinoma in situ (DCIS), a potential precursor of invasive carcinoma (IC). 

A promising new approach for intraoperative margin assessment that eliminates 
these drawbacks is hyperspectral (HS) imaging. Hyperspectral imaging offers great 
potential for noninvasive tissue diagnosis because diffuse reflectance measurements 
can be performed fast, over a wide field of view, without tissue contact and without the 
need for exogenous contrast agents (26). 

Here, we report for the first time on margin assessment with HS imaging, specifically 
for breast-conserving surgery. With a HS camera, diffuse reflectance images were 
obtained of fresh breast specimens. In these images, each pixel contained an entire 
spectrum from approximately 900 to 1,700 nm, which reflects optical differences in 
tissue composition and morphology between tissue types. First, we acquired data from 
tissue slices that were obtained after gross sectioning of resected breast specimens. 
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This dataset contained spectra of all different tissue types with accurate histopathologic 
annotations and was used to develop and test a tissue classification algorithm. Next, 
we imaged the resection surface of lumpectomy specimens to evaluate HS imaging 
in a way similar to the intended application in the clinical workflow. In addition, we 
applied the developed classification algorithm to predict malignancies in these 
resection surfaces.

2 | Materials and Methods

2.1 | Hyperspectral imaging system

Hyperspectral images were obtained using an HS imaging system (VLNIR CL-350-
N17E, Specim, Spectral Imaging Ltd., Finland) that captures light in the near-infrared 
(~900-1700 nm, 256 wavelength bands, 5 nm increments) with an InGaAs sensor (320 
x 256 pixels). Previous research showed that this wavelength range contains distinctive 
information for a robust discrimination between tumor and healthy breast tissue 
(27,28). Figure 1 shows the HS imaging setup. The tissue was placed upon a translation 
stage and illuminated with three halogen light sources that excite light over the full 
wavelength range of our camera, under an angle of 45 degrees. After penetration into 
the tissue, the light underwent multiple scattering and absorption events and was 
subsequently captured by the camera. The imaged scene was captured line-by-line by 
moving the translation stage. Each imaged line contained 320 pixels and on average 
200 lines were obtained per tissue specimen. Thereby a 3D hypercube was created, in 
which each pixel in the 2D image contained one spectrum. The scanning speed was 
adjusted to 50 lines per second to match the spatial resolution of the imaged line (~0.5 
mm/pixel). Due to the low sensitivity of the InGaAs sensor at the edges of the spectral 
range, only wavelengths between 953.25 and1645.62 nm (210 wavelength bands) 
were used.

Figure 1. Hyperspectral data acquisition and HS data. a) The HS measurement setup. The breast specimen 
was placed upon the translational stage and imaged line-by-line by moving the translational stage. Thereby, 
an area of 20 x 10 cm2 was scanned in 4 seconds, creating a 3D HS image (b), in which each pixel contains 
one spectrum (c).
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2.2 | Study design

Measurements were performed on ex vivo fresh breast tissue from female patients that 
had primary breast surgery at the Antoni van Leeuwenhoek hospital and did not receive 
neoadjuvant treatment. This study was performed in compliance with the Declaration 
of Helsinki and approved by the Institutional Review Board of the Netherlands Cancer 
Institute/Antoni van Leeuwenhoek (Amsterdam, the Netherlands). According to Dutch 
law (WMO), no written-informed consent from patients was required. The involved 
surgeons and pathologist were blinded to any HS information. In total, two datasets 
were obtained from different patients.

2.3 | Data acquisition of tissue slices

In the first dataset, HS data were acquired of tissue slices to minimize spatial registration 
artifacts between HS images and histopathology information. Fresh lumpectomy 
specimens were transferred to the pathology department immediately after resection, 
where they were colored and sliced according to standard procedure. In consultation 
with the pathologist, one tissue slice per patient that contained both healthy and tumor 
tissue was selected. This slice was placed in a macrocassette, on top of black rubber, 
where it remained during the optical measurements. The black rubber highly absorbs 
light over the whole wavelength range and prevented that the macrocassette under 
the tissue was measured. In total, 18 tissue slices from different patients were measured. 
The age of these patients was 67 ± 11 years (mean ± standard deviation), and their ACR 
score, which reflects the breast density, was 2.18 ± 0.95 (mean ± standard deviation). 
The slices varied in size from 2 x 3.5 cm2 to 4.5 x 6.3 cm2 and were at least 2 mm thick. 
In addition to the HS image, a white light (WL) image of the tissue was taken from 
the same point of view. All optical measurements took place within 10 minutes after 
collection of the tissue slice at the pathology department. After the measurements, the 
slices were placed in formalin and further processed according to standard protocol. 

After a few days, hematoxylin and eosin (H&E) stained sections of the measured 
surface of the tissue slices were obtained and digitized (Aperio ScanScope, Leica 
Microsystems Germany). To correct for tissue deformations during histopathologic 
processing, the H&E sections were registered to the HS images using MATLAB 2015a 
(The MathWorks Inc., USA). Supplementary Figure S1 shows this registration process. 
First, the whole H&E section was annotated with tissue classes after manually removing 
the background in the H&E section. These tissue classes were IC, its potential precursor 
DCIS, adipose tissue, connective tissue, and healthy glandular ducts. IC, DCIS, and 
glandular ducts were annotated on the H&E section using delineations drawn by the 
pathologist. The remaining tissue was annotated as connective or adipose tissue by 
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thresholding all RGB channels of the H&E section in MATLAB at 90%: adipose tissue 
was washed away in the histopathologic processing and was therefore white on the 
digitized H&E image, whereas connective tissue colored red/pink with the H&E stain. 
Second, a transformation matrix was obtained of the registration of the nonannotated 
H&E section to the WL image. The H&E section was resized to the size of the WL image 
and, based on distinctive features both visible in the H&E section and the WL image, 
control points were manually selected in both images (the minimum pair used was 61). 
Therefore, each point in the H&E section had a corresponding point in the WL image. 
Using a nonrigid local weighted means transformation with 12 neighboring control 
points, the H&E section was registered to the WL image. With this transformation matrix, 
also the annotated H&E section was registered to the WL image. Third, the annotated 
H&E section was registered to the HS image. For this, we used the transformation matrix 
that described the registration of the WL image to the HS image. Because the WL image 
was taken simultaneously to the HS image, the tissue did not deform and a simple rigid 
registration based on the edges of the tissue sufficed. Finally, with the H&E section, all 
pixels in the HS image were labeled as IC, DCIS, adipose tissue, or connective tissue. 
Because healthy glandular ducts were often smaller than the pixel size of our HS camera, 
they were included in the connective tissue class. Due to the highly inhomogeneous 
character of connective tissue, connective tissue was often observed in an HS pixel 
along with another tissue class. In the event that multiple tissue classes were observed 
in one HS pixel, this pixel was labeled as “unknown”.

2.4 | Data acquisition of resection surface

The second dataset was used to evaluate HS imaging of lumpectomy specimens in the 
current clinical workflow. Our main goal was to evaluate the amount of time required 
to image the entire resection surface and to analyze the data. In addition, we evaluated 
whether HS imaging could detect malignancies within 2 mm of the resection surface. 

In total, six fresh lumpectomy specimens were imaged immediately after resection. 
To ensure measuring tumor at the resection surface, lumpectomy specimens were 
selected that, according to the surgeon, were suspicious for tumor-positive resection 
margins. The age of these patients was 61 ± 8 years (mean ± standard deviation), their 
ACR score was 2.67 ± 0.52 (mean ± standard deviation), and the size of the specimens 
varied from 16 to 118 cm3. The resection surface of the specimen was imaged from six 
sides by repositioning the specimen. As guidance for repositioning, we used sutures 
that were placed on the specimen during surgery, which allows for reorientation by 
pathology. The resection specimen was placed on black polyoxymethylene material 
that, like the black rubber, highly absorbs light over the whole wavelength range. After 
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the optical measurements, the specimens were brought to the pathology department. 
According to standard pathology protocol, they were painted and sliced from nipple to 
peripheral side. Of all specimens, 43 of 66 slices (~3 mm thick) were further processed 
in H&E stained sections (~3 µm thick). Two sections per specimen, taken at the nipple- 
and peripheral side, were excluded from further analysis because they were taken 
parallel to the resection surface and thus did not provide histopathology information 
about the resection margin width. On the remaining 31 H&E sections, the pathologist 
delineated IC and DCIS so that we could calculate the shortest distance between the 
inked resection edge and the malignant tissue. Due to the limited number of H&E 
sections and the perpendicular orientation of the sections to the resection surface, it 
was not possible to verify the entire HS image of a resection side with histopathology. 
Therefore, we limited the analysis of HS margin assessment to verifying whether 
a malignant area, containing IC or DCIS, within 2 mm of the resection surface was 
detected with HS imaging. Two millimeter is the required tumor-free margin width for 
DCIS according to guidelines of the SSO-ASTRO-ASCO (29). We used the color of the 
histopathology paint at the edge near the malignant area to determine its location 
on the resection surface. A malignant area was considered correctly detected with HS 
analysis if at least one pixel in this location was classified as IC or DCIS.

2.5 | Preprocessing

All data analysis and tissue classification were performed using MATLAB. Prior to 
spectral classification, HS data were preprocessed. 

First, raw tissue images were converted into normalized diffuse reflectance to correct 
for spectral nonuniformity of the illumination setup and the influence of the dark 
current using:
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where R(x,l) is the normalized diffuse reflectance (in percentage), Rref(l) is the reference 
reflectance value of Spectralon (SRT-99-100, Labsphere Inc., USA), x is the location of the 
pixel in the imaged line, and l is the wavelength band. Imagewhite(x,l) and Imagedark(x,l) 
are the reference images acquired in addition to the tissue image. The white reference 
image was acquired on Spectralon 99%, and for the dark reference image, we closed 
the shutter of the camera. Prior to normalization of raw tissue images, we applied a 
pixel-wise third-order correction model to the raw HS data to correct for the slight 
nonlinearity of our InGaAs sensor. This model describes the sensors signal output with 
respect to the amount of light incident on the sensor.
Second, all spectra were preprocessed to eliminate spectral variability due to tissue 
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morphology effects. The oblique illumination and nonflat surface of the tissue 
could cause uneven illumination of the tissue and nonspecific scatter. As shown in 
Supplementary Figure S2, this could result in variations between spectra that were not 
related to the physiologic composition of the tissue. To correct for this, spectra were 
preprocessed using standard normal variate (SNV; refs. 30,31). SNV normalized each 
individual spectrum to a mean of zero and a standard deviation of one and allowed for 
a robust and direct suppression of baseline drifts and multiplicative scaling (31).

2.6 | Classification

2.6.1 | Classification of tissue slices

The dataset acquired on the tissue slices contained approximately 51,000 spectra 
that were labeled with one of the tissue classes. Spectra were excluded if they were 
contaminated with pathology ink (~4,200 spectra), if the InGaAs sensor saturated (112 
spectra), or if spectra were located within 0.5 mm of a tissue class border (~23,700 
spectra). The latter causes a larger amount of spectra from smaller tissue class pockets, 
like DCIS and connective tissue, to be excluded. In addition, spectral outliers were 
detected and eliminated per tissue class (IC = 370 of 5,193 spectra, DCIS = 7 of 613 
spectra, connective = 37 of 652 spectra, adipose = 563 of 16,948 spectra), using an 
outlier detection method (32). This method calculated the standard deviation of all 
Euclidean distances of a spectrum to the group mean and removed a spectrum when 
this distance was larger than three standard deviations. 

A supervised classification model was developed using linear support vector 
machine (SVM). SVM is based on statistical learning theory and separates two classes 
by determining an optimal hyperplane that maximizes the margin between two 
classes in multidimensional space (33). With the one-against-one strategy, multiclass 
classification was realized so that each spectrum was classified into IC, DCIS, connective 
or adipose tissue (34). Of each spectrum, both the intensity of all 210 wavelength 
bands and the pathology labels were used as input for the SVM classification algorithm. 
SVM was implemented using the software tool PerClass (Academic version 5.0, PR Sys 
design, The Netherlands). To develop the algorithm with the largest amount of data, 
we first removed all spectra from one tissue slice from the dataset to use as test set. 
Second, with spectra from the remaining 17 slices, the algorithm was developed using 
innercross validation: the 17 slices were randomly split 5 times in a training set (2/3 
of the slices) and a validation set (1/3 of the slices) while keeping spectra from one 
slice together. Finally, the trained SVM was applied on the test set for evaluation of the 
classification performance. To account for variability in the classification performance, 
this process was repeated until all tissue slices were used as test set. To correct for 
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the unbalanced number of spectra per tissue class, each tissue class was assigned a 
different weight, which is the inverse ratio of the tissue class sizes (35).

2.6.2 | Classification of resection surface

Hyperspectral images acquired on the resection surface were analyzed with a 
classification algorithm developed with all tissue slices. The same linear, weighted SVM 
algorithm as described above was used. However, instead of training the algorithm 
with 17 tissue slices, all 18 tissue slices were used. All the spectra in the HS image on the 
resection surface were SNV normalized and classified with the SVM algorithm as either 
IC, DCIS, connective, or adipose tissue.

2.7 | Classification performance

Classification performance of HS imaging on breast tissue was evaluated on the tissue 
slices that were used as test set. The number of spectra per tissue class varied between 
tissue slices. Therefore, we calculated classification accuracies over all spectra instead 
of averaging accuracies over the tissue slices. Both the overall accuracy to discriminate 
tissue classes and the accuracy per tissue class were calculated. ROC curves and 
the area under the ROC curve (AUC), however, were calculated per tissue slice, and 
subsequently averaged. Because classification with SVM was performed using the one-
against-one strategy, one ROC curve for each pair of tissue classes was obtained. For 
the resection margin dataset, no accurate correlation with histopathology could be 
obtained with the whole HS image due to the limited number of H&E sections and 
their perpendicular orientation to the resection surface. As a result, the classification 
performance of resection margin assessment with HS imaging could not be evaluated. 
Nevertheless, we did assess whether HS analysis confirms tumor-positive margins 
found on the available H&E sections.

3 | Results
3.1 | Classification results from tissue slices

The 18 tissue slices comprised an HS dataset of more than 22,000 reliable spectra, which 
were classified as IC, DCIS, connective, or adipose tissue using an SVM classification 
algorithm. Supplementary Figure S3 shows an example of the tissue classes and the 
average diffuse reflectance spectra per tissue class before and after SNV normalization. 
Based on the average SNV normalized reflectance spectra, differences between tissue 
classes were most noticeable around absorption bands of the dominant chromophores 
in the near-infrared region. For adipose tissue, the large amount of fat in the tissue 
was discriminating, whereas spectral differences between connective tissue and the 
malignant classes were mainly related to the amount of water and collagen in the 
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Hyperspectral classification

tissue. Figure 2 shows the HS classification result of two representative examples of 
tissue slices that contain IC (top) and DCIS (bottom). Table 1 shows the classification 
results of the HS analysis of all spectra in the dataset. Overall, we could discriminate 
the defined tissue classes with a diagnostic accuracy, averaged over all tissue slices, 
of 91%. Of these tissue classes, adipose tissue and IC were detected as, respectively, 
healthy and tumor tissue in 99% and 93%. The more challenging tissue types were DCIS 
and connective tissue, which were classified as, respectively, tumor and healthy tissue 
in 84% and 70%. These numbers are in accordance with the AUCs shown in Figure 3. 
A high AUC is reported for both IC (0.90, 0.99 and 1.00) and adipose tissue (3 times 
1.00), and a lower AUC (0.78 ± 0.12) is reported for the SVM classifier that distinguishes 

Connective

Pa
th

ol
og

y 
an

no
ta

ti
on

a

Table 1. Classification results of HS analysis compared to pathology annotation

IC DCIS Total Adipose Total

87% 6% 93% 7% 0% 7%IC

29% 56% 84%b 11% 4% 16%bDCIS

14% 16% 30% 66% 4% 70%Connective

0% 1% 1% 1% 98% 99%Adipose

TUMOR

HEALTHY

aIC (n = 4,823, p = 8), DCIS (n = 606, p = 9), connective (n = 714, p = 14) and adipose (n = 16,579, p = 18). With n = number of 
spectra and p = number of patients.
bdue to rounding of percentages, the total percentage is not equal to the sum of IC and DCIS, or connective and adipose.

Figure 2. Representative examples of two tissue slices. From left to right: (a, e) WL image, (b, f ) histopathology 
H&E section, (c, g) annotated H&E section and (d, h) HS classification result using the support vector machine 
algorithm. The malignant tissue in the upper row (a-d) is mainly IC, whereas the malignant tissue in the 
bottom row (e-h) consists of malignant pockets of DCIS. White pixels in the classified HS image indicate pixels 
that could not be classified due to either high specular reflection or the presence of pathology ink. Gray 
pixels are pixels of which no histopathology was available. The arrow (d) points out the incorrectly classified 
connective spectra that are located near the border of the area with IC. 
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DCIS and connective tissue. The latter indicates that DCIS and connective tissue were 
more likely to be mistaken for each other. These classification results were based on 
all individual 22,000 spectra, without considering the spatial information of the HS 
images. However, the surroundings of a spectrum might have a strong influence on the 
classification accuracy. For example, in the classified HS image in Figure 2d, most of the 
incorrectly classified connective spectra are located near the border of the area with IC.

3.2 | Smallest detectable size of tumor pockets

To evaluate the influence of the surroundings of a spectrum to its classification accuracy, 
we calculated for each pixel its distance to the closest tissue transition, based on the 
histopathologic annotation of the slices. Figure 4a illustrates this by showing a tissue 
slice that contains IC and adipose tissue. As can be seen in Figure 4b, pixels near the 
IC-adipose tissue transition were classified with a lower accuracy. The inaccuracies that 
occur around these tissue transitions affect the smallest size of a pocket that can be 
detected. To assess this effect, the classification accuracy was calculated for each tissue 

Figure 3. ROC curves of one-against-one SVM classification. ROC curves are calculated for (a) IC, (b) DCIS, 
(b) connective and (d) adipose tissue against the other classes. ROC curves and the AUC are calculated on 
the test set for each tissue slice and subsequently averaged. The AUC is given as the average ± standard 
deviation.
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class as a function of the smallest pocket size in which a pixel was present (Figure 4c). 
For each pixel, this smallest pocket size was estimated as twice the shortest distance 
to a tissue transition. The classification accuracy was determined for the ability of HS 
imaging to differentiate the malignant tissue types from the two healthy tissue types 
and vice versa. We found that for all tissue types, the classification accuracy per tissue 
class increased with an increase of the smallest pocket size in which the pixel is located. 
Specifically, pixels in all tissue type pockets larger than 2 x 2 mm were correctly classified 
in more than 93% of cases (Figure 4c). This also includes the two tissue classes, DCIS and 
connective tissue, which exhibited the lowest classification results in Table 1 and Figure 
3.

3.3 | Hyperspectral imaging of lumpectomy specimens

To assess the entire resection surface, we imaged each specimen from six sides and 
applied the diagnostic classification algorithm that we developed using the tissue 
slices, to predict malignancies within 2 mm from the resection surface (Figure 5). Each 
resection side was imaged in 20 seconds and could be analyzed in 40 seconds. Imaging 
of the entire resection surface, including taking WL images and repositioning the 
specimen, took on average 9 minutes and 15 seconds. 

All six specimens had at least one H&E section with a malignant area within 2 mm from 
the resection surface. In total, 31 H&E sections were available, of which 15 contained 
a malignant area within 2 mm from the resection surface. Supplementary Figure S4 
shows three of these H&E sections and the corresponding HS analysis of the resection 
side. Five sections contained two malignant areas that corresponded to HS images 
taken at two different resection sides. Of the 20 malignant areas, 10 were IC (distance to 
resection surface: 0–1 mm) and 10 were DCIS (distance to resection surface: 0-1.5 mm). 

Figure 4. Relation between classification accuracy and pocket size. (a) Representative example of the 
histopathology annotation of one of the tissue slices that contains both invasive carcinoma (IC) and adipose 
tissue. For each pixel in the tissue slice, the shortest distance to the IC-adipose tissue transition is calculated. 
The scale bar indicates 4 mm. (b) The graph shows the HS classification accuracy of pixels in the white 
rectangle, which decreases towards the tissue transition. (c) The relation between the classification accuracy 
and the smallest pocket size in which a pixel was located, for all pixels in the dataset per tissue class.
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Figure 5. Representative example of hyperspectral analysis on resection surface. Both WL (a) and HS images 
were taken from six sides so that the entire resection surface was imaged. (b) Classification result of the 
HS images using the SVM algorithm, developed with the tissue slices. The specimen was sliced according 
to standard pathology protocol and 6 H&E sections were processed for further analysis. (c) The orientation 
of these sections with respect to the three-dimensional representation of the HS classified specimen. 
H&E sections 1 and 6 were taken parallel to the resection surface and hence do not provide information 
on the margin width. Therefore, these sections were excluded from analysis. (d) In H&E sections 2 to 5, an 
experienced pathologist annotated the tumor so that the resection margin width could be assessed. 
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Hyperspectral analysis confirmed all tumor-positive margins found on the available 
H&E sections, except for one IC spot that was smaller than 1 mm2. Further studies are 
needed to evaluate the classification performance of resection margin assessment with 
HS imaging. 

4 | Discussion
Tumor positive resection margins are common after surgical procedures for many types 
of cancer (1). Residual tumor cells at the resection edge may increase the chance of local 
recurrence and may affect the ultimate patient outcome. Therefore, a technique for 
real-time intraoperative margin assessment is clearly needed. To comply with clinical 
needs during this type of surgery, a successful intraoperative margin assessment 
technique should be able to assess the entire resection surface almost real-time with 
high diagnostic performance, up to the required tumor-free margin width (36). In this 
study, we used HS imaging for tumor detection after breast-conserving surgery. We 
report on a high diagnostic performance of HS imaging on breast tissue slices and fast 
data acquisition and analysis of the entire resection surface of lumpectomy specimens. 
This approach could make near real-time assessment of tumor margins during surgery 
feasible in the future.

We trained and evaluated the diagnostic performance on fresh breast slices so 
that hyperspectral images were well correlated with histopathology. We defined four 
tissue classes by distinguishing tissue classes within the malignant and healthy classes. 
Specifically, within the malignant class, we made a distinction between IC and DCIS. 
Within the healthy class, we distinguished connective tissue (which included benign 
glandular tissue) and adipose tissue. Clinically, differentiating these two healthy classes 
is not relevant. However, due to their large spectral differences, this improved the 
classification algorithm. Both adipose tissue and IC were detected as either healthy or 
tumorous tissue types with high accuracies. More challenging was the differentiation 
between DCIS and connective tissue. Because IC is generally preceded by DCIS, which 
arises in benign glandular ducts embedded in connective tissue, we would expect DCIS 
to be optically the most similar to connective tissue. Nevertheless, DCIS and connective 
tissue were classified as tumor and healthy tissue in 84% and 70%, respectively. In this 
study, individual spectra were classified without taking into account their surroundings. 
Thereby, 30% of the connective spectra were incorrectly classified as malignant. 
However, when these connective spectra are located near or in a tumor, misclassifying 
them as malignant tissue would be clinically less relevant. In Figure 4, we showed that 
classification inaccuracies are most likely to occur around tissue transitions. This can be 
explained by a difference in tissue information provided by the gold standard, the H&E 
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sections, and the tissue measured with the HS camera. Based on diffusion theory, we 
image a volume up to a few millimeters in the tissue with our camera (37). However, 
the H&E sections reflect just a superficial portion of a few cell layers of the measured 
surface. As a result, HS data can be derived from a mixture of different tissue classes 
instead of the single tissue class given by the superficial layer of histopathology. 
Because our developed classification algorithm classifies each spectrum into one of 
the tissue classes, classification inaccuracies will be lower when HS imaging measures 
a mixture of tissue classes. This is more likely in small tissue pockets (like DCIS and 
connective tissue), or in tissue close to tissue transitions. 

Nevertheless, pixels in tissue pockets larger than 2 x 2 mm were correctly classified 
in more than 93%. Whether this is clinically sufficient depends on the used definition 
of a positive resection margin. Over the last years, breast cancer guidelines have been 
progressing toward a more liberal attitude. For IC, the tumor-free margin width changed 
from 2 mm to no tumor on the resection edge and for DCIS, a tumor-free margin width 
of 2 mm is now accepted (36). Even though we can detect tumors larger than 2 x 2 
mm at the resection surface with our current HS setup, HS imaging has the potential 
to detect even smaller pockets by sampling a smaller volume. This can be achieved by, 
for example, using a method described by Jacques et al. (38) that uses polarization, 
or by developing classification algorithms using selected wavelengths at which the 
penetration depth of light is only superficial. Whether this is indeed necessary should 
be investigated in a larger prospective study of HS imaging on resection specimens. 

In this study, we classified HS data with a linear, weighted SVM algorithm. The 
usefulness of SVM for classifying HS data has been reported by previous studies in 
other research areas as well (39). On the lumpectomy specimens, we showed that 
HS data could be analyzed fast, without the need for an experienced operator. To 
evaluate the amount of time required to image the entire resection surface, we imaged 
the lumpectomy specimens by taking six images. However, a limiting factor in this 
approach was the correlation of HS analysis with histopathology due to the limited 
available histopathologic information. Unlike HS imaging, resection margin assessment 
with H&E sections covered only a small fraction of the entire resection surface (Figure 
5c). Therefore, we were not able to verify the whole measured surface, as we could 
do with the tissue slices dataset. In addition, the location of the H&E sections on 
the resection surface could not be precisely retrieved. We realize this is a limitation 
because this prevented us from obtaining a classification accuracy of HS imaging on 
analyzing resection margins. As a result, the classification performance of HS imaging 
on breast tissue was only calculated using the tissue slices dataset. Nevertheless, in 
the lumpectomy dataset, HS analysis confirmed 19 of 20 malignancies found within 2 
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mm of the resection surface on the available H&E sections. One IC spot smaller than 1 
mm2 was missed, which is in accordance with the decrease in classification accuracy 
when tissue pockets get smaller (Figure 4). In this study, we focused on detecting all 
malignancies within 2 mm of the resection surface, without differentiating IC and DCIS. 
In addition, we were not able to confirm HS analysis of tumor-negative margins with 
histopathologic information. For an evaluation of the clinical sensitivity of HS imaging, 
a difference should be made between IC and DCIS in the resection margin. This, along 
with the specificity of HS imaging, needs to be further explored in a clinical study that 
evaluates the benefit of HS imaging in routine breast-conserving surgery. By analyzing 
HS images immediately after imaging, locations that are suspected to be tumor-positive 
as well as tumor-negative areas can be marked and retrieved after histopathologic 
processing. Thereby, a direct correlation with histopathology can be obtained and 
the classification performance of HS imaging for resection margin assessment can be 
evaluated. 

With the classification algorithm developed in this study, IC and DCIS spectra from 
the tissue slices were classified with an accuracy of 93% and 84%. This accuracy is much 
higher than can be achieved with currently available imaging techniques for margin 
assessment such as ultrasound and specimen radiography, on which DCIS often remains 
invisible (10). In contrast, our results resemble pathologic margin detection techniques 
like frozen section analysis (accuracy of 84%-98%; ref. 10) and touch preparation 
cytology (accuracy of 78%-99%; ref. 10). Hyperspectral imaging, however, has the 
advantage over these techniques that it can scan an entire resection surface in a short 
amount of time. We imaged lumpectomy specimens in a similar setup as the intended 
final application in the clinical workflow. In this specific setting, each resection side was 
imaged in less than 20 seconds and could be analyzed in 40 seconds. Repositioning 
of the specimen to image the next side required most of the time. Acquisition and 
analysis time, however, could still significantly be improved by further development of 
the hardware and optimization of the classification algorithm. Currently, we analyzed 
the whole resection margin after surgery without providing feedback. When resection 
sides would be analyzed immediately after imaging, during repositioning of the 
specimen, HS analysis would be much faster. In this way, it can easily outperform frozen 
section analysis and touch preparation cytology that require at least 15 to 30 minutes 
(11). In addition, HS imaging can be performed in the operating theatre, which could 
allow near real-time diagnostic feedback of the resected specimen to the surgeon in 
the future. This would make a re-excision of a tumor-positive margin during the initial 
operation possible.

In summary, we showed the potential of HS imaging for intraoperative margin 
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assessment by reporting on its first use in human breast tissue. The diagnostic 
performance of HS imaging on sliced breast specimen was high, and imaging of the 
entire resection surface was much faster in comparison with currently available margin 
assessment techniques. In addition, HS imaging in combination with SVM allowed for 
automated classification of the data, without the need for an experienced operator. 
These findings support that HS imaging can become a powerful clinical tool for real-
time margin assessment during breast-conserving surgery.
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Supplementary Figure S1. Overview of the registration process of the H&E sections to HS images. (a) First, 
the H&E section was annotated. Delineations of IC, DCIS and healthy glandular ducts were drawn on the H&E 
sections by the pathologist, copied to the original H&E image in Adobe Illustrator and colored. The remaining 
tissue was colored as either connective or adipose tissue by thresholding all RGB channels of the H&E image 
at 90%: Since adipose tissue was washed away during the histopathologic processing it appears white (all 
RGB channels are above 90%) on the digitized H&E image whereas connective tissue colors pink/red with the 
H&E stain. (b) Second, the nonannotated H&E section was registered to the WL image. The H&E section was 
resized to the size of the WL image and control point pairs in both the H&E section and the WL image were 
manually selected. With a local weighted mean transformation and 12 neighboring control points, the H&E 
section was registered to the WL image. Next, the annotated H&E section was registered to the WL image. 
(c) Finally, the HS image was labeled with tissue classes. The annotated H&E image was registered to the HS 
image using the transformation matrix that describes the registration of the WL image to the HS image. Next, 
all pixels in the HS image were labeled with either IC, DCIS, connective tissue, or adipose tissue. A pixel was 
labeled as “unknown” when multiple tissue classes were present in one pixel or if no pathology information 
was available.
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Supplementary Figure S2. Example of spectral variability due to the nonflat surface of the tissue. (a) The WL 
image, (b) HS image taken at 1271 nm and the corresponding H&E section without (c) and with (d) annotations 
of a tissue slice. The red and cyan squares in the images (a-c) correspond to an area of pure IC and adipose 
tissue, respectively. Due to the nonflat surface of the tissue, a baseline shift of the diffuse reflectance spectra 
within these squares can be observed (e, g). These shifts are not related to the physiological composition of 
the tissue but are the result of uneven illumination and nonspecific scatter. (f, h) Normalizing the spectra with 
SNV corrects for these effects. 
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Supplementary Figure S3. The four tissue classes, their average spectra before and after SNV normalization 
and their main differences. a) An example of an H&E stained section of one tissue slices that contains all 
four tissue classes: IC (red), DCIS (magenta), connective tissue (green), and adipose tissue (cyan). The colored 
squares and their magnification correspond to the tissue classes. b) The graphs show the average diffuse 
reflectance spectra per tissue class of all tissue slices, before and after SNV normalization. n = number of 
spectra, p = number of patients. c) The absorption spectra of fat, water and collagen, the dominant absorbers 
in the near-infrared wavelength region, and the differences between tissue classes based on the absolute 
difference in SNV normalized mean spectra. For adipose tissue, the largest differences with the other tissue 
types were observed around 1212 and 1325 nm, around the absorption bands of fat. Connective tissue and 
the malignant classes differed the most around 970 and 1100 nm, where characteristic absorption bands of 
water and collagen are located. 
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Supplementary Figure S4. H&E sections, and the corresponding HS analysis of the resection side. (a, d, g) 
The H&E sections with encircled the malignancy within 2 mm from the resection surface (RS). (b, e, h) The 
H&E sections are perpendicular orientated to the resection side. The top edge of the tissue in the H&E section, 
near the white dotted line, is located approximately at the white dotted line in the resection side. (c, f, i) Pixels 
in the HS images of these resection sides are classified as either IC (red), DCIS (magenta), connective tissue 
(green), or adipose tissue (cyan). 
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Abstract
Complete tumor removal during breast-conserving surgery remains challenging 
due to the lack of optimal intraoperative margin assessment techniques. Here, we 
use hyperspectral imaging for tumor detection in fresh breast tissue. We evaluated 
different wavelength ranges and two classification algorithms; a pixel-wise 
classification algorithm and a convolutional neural network that combines spectral 
and spatial information. The highest classification performance was obtained using 
the full wavelength range (450-1650 nm). Adding spatial information mainly improved 
the differentiation of tissue classes within the malignant and healthy classes. High 
sensitivity and specificity were accomplished, which offers potential for hyperspectral 
imaging as a margin assessment technique to improve surgical outcome. 
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1 | Introduction
Breast-conserving surgery remains challenging due to the lack of clinically available 
intraoperative resection margin techniques. Therefore, in up to 37% of the women 
undergoing breast-conserving surgery, tumor is found in the resection margin of 
the resected specimen (1-5). This is an indication of residual tumor, left behind in the 
patient, which increases the risks for developing a local recurrence and compromises 
long-term disease-specific survival (6). Therefore, these patients often require additional 
treatment like a radiotherapy boost or a re-excision (7). Currently, a pathologist, who 
evaluates the tissue under a microscope, assesses the resection margin a few days after 
surgery. As such, no direct feedback can be given to the surgeon during surgery. 

To reduce the number of tumor-positive resection margins, multiple techniques for 
resection margin assessment during breast-conserving surgery have been proposed 
(8-13). Margin assessment techniques that are currently available are frozen section 
analysis, imprint cytology, ultrasound, and specimen radiography (8-10, 13). However, 
none of them have made it to widespread successful clinical use. With frozen section 
analysis, tissue can be analyzed within 30 minutes with a sensitivity and specificity of 
83% and 95% (8, 10). However, the main limitations of the technique are the need for 
a specialized pathologist, risk of false negatives, and the impracticability for analyzing 
the complete resection surface. With imprint cytology, an imprint is made of all six 
resection margins and analyzed by a specialist cytologist. With this technique, a 
diagnosis can be provided within 15 minutes. However, the sensitivity is limited to 72% 
due to errors in the interpretation of the data that are related to cytology expertise, the 
specimen surface irregularity, dryness and presence of atypical cells (8, 10).  Ultrasound 
and specimen radiography are faster margin assessment techniques. However, both 
techniques are inferior to previously mentioned pathological techniques; ultrasound 
(sensitivity and specificity of 59% and 81%) has a limited role in detecting ductal 
carcinoma in situ (DCIS), a potential precursor of invasive carcinoma (IC). And specimen 
radiography (sensitivity and specificity of 53% and 84%) does not clearly improve 
reoperations rate but is merely helpful in detecting microcalcifications (9, 13, 14).

A technique that offers great potential is hyperspectral (HS) imaging of diffusely 
reflected light. HS imaging is an optical imaging technique that can measure the 
entire resection margin within a limited amount of time, without tissue contact, and 
without the need for exogenous contrast agents (15). HS imaging consists in capturing 
hundreds of images in narrow, contiguous and adjacent spectral bands over a wide 
spectral range. Thereby, a 3D hypercube is created that contains both spectral and 
spatial information of the imaged scene. HS imaging measures diffusely reflected light, 
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after it has undergone multiple scattering and absorption events within the tissue. 
Thereby, an ‘optical fingerprint’ of the tissue is obtained that reflects the composition 
and morphology of the tissue, which can be used for tissue analysis. Previous studies 
show the usefulness of HS imaging in noninvasive tissue analyses (16) and in the 
detection of cancer in ex vivo human tissue in head and neck (17, 18), colon (19), skin 
(20), and breast tissue (21, 22). 

In a recent publication of our group, we showed promising results of classifying 
tumor in freshly excised breast tissue using an HS camera that operates in the near-
infrared (NIR) wavelength range (900-1700 nm) (22). The most challenging tissue types 
to differentiate were connective tissue and DCIS, which are in general the smallest 
tissue types: Connective tissue often consists of small strands of collagen in and around 
a tumor or within adipose tissue, whereas DCIS is the precursor of IC and starts as a 
few premalignant cells in a glandular duct. This makes it difficult to measure a spot 
of only DCIS or only connective tissue. Especially with HS imaging, which measures 
tissue volumes in the range of square millimeters, the measured diffuse reflectance 
spectrum will represent a mixture of different tissue classes when the strands or DCIS 
pockets are smaller than the measured volume. HS data analysis can be performed 
using only the spectral information of the hypercube, i.e. considering each pixel 
as an individual measurement. However, HS data also contains valuable spatial and 
contextual information of the imaged scene. This spatial information can, when added 
to the classification methods, help to improve the detection of DCIS and connective 
tissue. 

In this paper, spectral and spatial information is used to discriminate tumor from 
healthy tissue in broadband HS images obtained on fresh breast tissue slices. The novel 
contributions of this paper can be summarized as follows:
i. We perform measurements on fresh breast tissue slices, after gross-sectioning of 

the resection specimen. This allows us to create an extensive dataset with a high 
correlation with the gold standard, histopathologic assessment of the tissue under 
a microscope. With this dataset, algorithms can be developed that can directly be 
applied to the resection surface of unsliced resection specimen. 

ii. We image all specimens with two HS cameras, covering the full wavelength range 
from 400-1700 nm. In previous HS research, this wavelength was limited to either 
the visual (VIS; 400-1000 nm) or NIR wavelength (900-1700 nm) range. In Section 
3.3, we demonstrate that this full spectral range (400-1700 nm) is required to obtain 
the highest discrimination between tumor and healthy tissue.

iii. We perform HS analysis with 1) a spectral algorithm that considers each pixel in 
the image as an individual measurement, and 2) a spectral-spatial algorithm that 
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incorporates both the spectral and spatial information for classification. In Section 
3.4, we demonstrate that adding spatial information to the classification algorithm 
improved the capability of HS imaging to differentiate different tissue classes 
within the malignant and healthy tissue classes. 

iv. We made a clear distinction between 1) a dataset containing all pixels with a 
histopathologic label, and 2) a dataset containing only pixels of which we were 
certain that the histopathologic label represents the measured tissue type. The 
given histopathologic labels reflect just a single tissue class. However, at tissue 
transitions, the diffuse reflectance spectrum reflects a mixture of different tissue 
classes due to the diffuse nature of the reflected light. For these pixels, the 
histopathologic label cannot represent all measured tissue classes. Therefore, these 
pixels are excluded from the second dataset. This is further explained in Section 
2.3.1 and demonstrated in Section 3.2. 

v. The most important contribution of this paper is the introduction of a new 
approach, using HS imaging, for the discrimination of tumor and healthy tissue 
in ex vivo breast samples within 2 minutes. This approach offers great potential to 
be used during breast-conserving surgery for resection margin assessment during 
surgery to prevent tumor-positive resection margins.

The remainder of this paper is organized as follows. Section 2 describes the HS 
imaging setup, the data acquisition on fresh breast tissue slices, the correlation of HS 
measurements with histopathology, and the data preprocessing and analysis methods. 
The experimental results are presented in Section 3, followed by the discussion and 
conclusion in Section 4 and 5, respectively.

2 | Materials and methods

2.1 | Hyperspectral imaging setup

Hyperspectral images were measured with two push-broom HS imaging systems 
(Specim, Spectral Imaging Ltd., Finland) with a VIS camera (model: PFD-CL-65-V10E, 
lens: OLE 18.5 mm (Specim)) and a NIR camera (model: VLNIR CL-350-N17E, lens: 
OLES15 (Specim). These cameras operate respectively in the VIS (~400-1000 nm, 384 
wavelength bands, 3 nm increments) and NIR (~900-1700 nm, 256 wavelength bands, 
5 nm increments) wavelength range. Due to the low sensitivity of the sensors of the 
cameras at the edges of the spectral range, we only used wavelengths between 450 and 
951 nm (318 wavelength bands) for the VIS camera. For the NIR camera, wavelengths 
between 954 and 1650 nm (210 wavelength bands) were used. 

The tissue was placed under the camera on a translation stage, where it was 
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illuminated by three halogen light sources (2900K) under an angle of 45 degrees. 
By moving the translation stage, the tissue was imaged line-by-line so that the 3D 
hypercube was created. This hypercube contains both spectral and spatial information 
of the imaged scene, as shown in Figure 1. Images acquired with the VIS camera (CMOS 
sensor with 1312 × 384 pixels) and the NIR camera (InGaAs sensor with 320 × 256 
pixels) had a spatial resolution of respectively 0.16 mm/pixel and 0.5 mm/pixel. The 
scanning speed for both cameras was adjusted to match the cameras spatial resolution 
of the imaged line. The imaging time required to acquire data of both the tissue sample 
(dimensions of the imaged scene: 12.5 cm × 18 cm) and two reference images (as 
described in Section 2.4) was 20 seconds for the NIR camera and 40 seconds for the VIS 
camera.

Figure 1. Hyperspectral data. a) The tissue was imaged with both the VIS and NIR camera. Thereby, two 3D 
hypercubes were created that contain both spectral and spatial information of the imaged scene. Therefore, 
each vector in the 3D HS image contains an entire spectrum over a broad wavelength range, as shown in (b). 
The red and cyan spectra shown in (b) correspond to the red and cyan selected pixels in (a). In this example, 
the VIS image was resized to match the resolution of the NIR image, as described in Section 2.4.
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2.2 | Data acquisition of breast tissue slices

Measurements were performed on fresh ex vivo tissue from patients that had primary 
breast surgery at the Antoni van Leeuwenhoek hospital. This study was performed in 
compliance with the Declaration of Helsinki and approved by the Institutional Review 
Board of the Netherlands Cancer Institute/Antoni van Leeuwenhoek (Amsterdam, 
the Netherlands). According to Dutch law (WMO), no written informed consent from 
patients was required. After resection, the specimen was brought to the pathology 
department where it was inked and sliced according to standard protocol (Figure 2a-
d). In consultation with the pathologist, one tissue slice, that contained both healthy 
and tumor tissue, was placed in a macrocassette on top of black rubber and used for 
the optical measurements. The black rubber highly absorbs light from 400-1700 nm 
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and prevents that any material underneath the tissue is measured. All tissue slices 
were at least 2 mm thick and imaged 4 times; 2 times with the VIS camera and 2 times 
with the NIR camera. For each camera, the tissue slice was rotated 180° by rotating 
the entire macrocassette, so that the tissue was illuminated from a different point of 
view. To ensure a reproducible location for each measurement, the macrocassette with 
the tissue was fixed with a casing on a frame with two holes that fitted the translation 
stage of both cameras (Figure 2e). Both the casing and the frame were made of black 
polyoxymethylene that highly absorbs light from 400-1700 nm. After the optical 
measurements, which were performed within 10 minutes after collection of the tissue 
at the pathology department, the tissue was placed in formaldehyde and processed 
according to standard protocol.

2.3 | Histopathologic annotation of breast tissue slices

A few days after surgery, the tissue slices were processed in hematoxylin and eosin (H&E) 
stained sections and analyzed by a pathologist. We used the histopathologic analysis of 
the tissue in these H&E stained sections as ground truth for the optical measurements. 
To correct for the tissue deformation that occurred during histopathologic processing 
of the tissue, the digitalized H&E sections were registered to the HS images using a 
white light image that was taken just before taking the HS image. With the annotations 
on the registered H&E sections, the whole HS image was annotated with four tissue 
classes, which were IC, DCIS, connective (including healthy glandular ducts), and 
adipose tissue. A detailed explanation of this annotation and registration process was 
described in our earlier publication (22). 

(a) (b) (c)

(d)

(e)

frame

casing

macrocassette

translation stage

Figure 2. Data acquisition of breast tissue slices. The breast specimen (a) before and (b) after inking with 
histopathologic ink. (c, d) The specimen was sliced, and one slice was selected and placed in a macrocassette 
for optical measurements. (e) The tissue slice was imaged with both HS imaging systems. To allow for a 
reproducible location for each measurement and an accurate registration between both cameras, the 
macrocassette with the tissue was fixed with a casing on a frame that fitted the translation stage of both 
systems.
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2.3.1 | Selection of two datasets: ALL and RIGHT dataset

However, even with a highly accurate registration of H&E sections to HS images, the 
tissue in the H&E annotations might not reflect the tissue that was optically measured. 
First, in the classified HS images, the size of each pixel was 0.5 × 0.5 mm. Due to this 
small size, the labeling of the HS data was more sensitive to errors in the histopathologic 
registration. Second, the pathologist delineated tumor areas on the H&E sections. 
However, it might occur that within these delineations also healthy connective and 
adipose tissue was present. Third, the H&E sections represent a 2-dimensional section 
of the measured tissue whereas with HS imaging we measure a volume up to a few mm 
underneath the surface of the tissue. Fourth, the optical resolution of light is lower than 
the resolution of the HS images. Therefore, even though one pixel represents a tissue 
surface of 0.5 × 0.5 mm, the diffuse reflectance spectrum obtained with HS imaging 
originates from a much larger sampling volume. Therefore, the diffuse reflectance 
spectrum of a specific pixel might have been shaped by a different tissue type located 
at 1 mm distance. 

As a result, the diffuse reflectance spectrum at one pixel might represent a mixture 
of different tissue types instead of the single tissue type provided by H&E annotations. 
Incorrect histopathologic annotations can decrease the classification performance 
of HS imaging. Therefore, we made a clear distinction between all pixels with a 
histopathologic label, the so-called ‘ALL’ (All histopathoLogy Labels) dataset, and pixels 
of which we are certain about the histopathologic label, the ‘RIGHT’ (RelIable Ground 
trutH annoTations) dataset.

Figure 3 shows the selection process of the RIGHT dataset. First, we selected adipose 
tissue (Figure 3d) by thresholding all RGB channels in the H&E image (Figure 3a): Since 
the adipose content of the cells was washed away in the histopathologic processing, 
adipose cells were transparent on H&E sections and could be easily discriminated from 
the other tissue types. Second, we segmented the remaining tissue in the H&E image 
(Figure 3b) to differentiate regions with high and low nuclei density by thresholding 
the red channel of the image: The H&E stain causes nuclei to stain dark blue, whereas 
amino acids and proteins turn red/pink. Since the nuclei density in connective tissue 
is low, this enabled us to select connective tissue (Figure 3e). Third, we selected IC, 
DCIS and healthy glandular tissue using the annotations of the pathologist (Figure 3f ) 
and grouped the glandular tissue in the connective class. Finally, in the RIGHT dataset 
(Figure 3i), the edges of each tissue class area (at a distance of 1 mm from the edge) 
were removed because pixels close to these edges are likely to contain mixed spectra 
due to previously mentioned reasons.
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2.4 | Hyperspectral data preprocessing

All data analysis and tissue classification were performed using MATLAB 2018a (The 
MathWorks Inc., Natick, Massachusetts, USA). Prior to classification, the HS data were 
preprocessed. First, raw HS data were converted from photon counts into normalized 
diffuse reflectance using:
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where R(x,l) is the normalized diffuse reflectance (in percentage), Rref(l) the reference 
reflectance value of Spectralon (SRT-99-100, Labsphere Inc., USA), x the location of the 
pixel in the imaged line and l the wavelength band. Iwhite and Idark are the reference 
images acquired in addition to the tissue image (Itissue). The white reference image was 
acquired on Spectralon 99% and for the dark reference image, we closed the shutter of 
the camera. Prior to this normalization, we corrected for the slight non-linearity of the 
InGaAs sensor using a third order polynomial (22). 

Figure 3. Selection of regions that contain a single tissue class. From (a) the original H&E image, first (d) 
adipose tissue was selected by thresholding all RGB channels so that (b) the remaining tissue contained the 
malignant tissue types, connective tissue, and healthy glandular ducts. By thresholding the red channel of 
the H&E image, a differentiation was made between tissue with a high and a low nuclei density. Since the 
nuclei density in connective tissue is low, this enabled us to select (e) connective tissue. On (c) the remaining 
tissue, we selected IC, DCIS and healthy glandular tissue using the annotations of the pathologist (f ), and 
grouped the glandular tissue in the connective class. Finally, for each tissue class, the edges of a tissue class 
area (1 mm) were removed to remain only with (i) the RIGHT dataset from (h) the ALL dataset. In addition, 
pixels that were contaminated with histopathology ink, as indicated with the arrows in (i) and (g) the white 
light image, were removed from this RIGHT dataset.
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Second, after segmenting the background from the tissue samples, pixels were 
excluded from analysis if they were over-illuminated or contaminated with pathology 
ink. 

Third, HS images obtained with both cameras were registered using an affine 
registration algorithm based on the shape of the tissue in both images. To remain with 
the higher resolution of the VIS camera for the spectral-spatial algorithm, HS images 
obtained with the VIS camera were resized to match twice the resolution of the HS 
images obtained with the NIR camera. For the spectral algorithm, we further downsized 
the HS image obtained with the VIS camera to the resolution of the image obtained 
with the NIR camera.  

Finally, the spectra obtained with each camera were pre-processed using standard 
normal variate (SNV) (23, 24). Thereby, spectral variability due to the oblique illumination 
and the nonflat surface of the tissue was eliminated by normalizing each individual 
spectrum to a mean of zero and a standard deviation of one. 

2.5 | Overview of classification algorithms

In this study, we first used a spectral classification algorithm to determine which 
wavelength range allows for the highest discrimination between tumor and healthy 
breast tissue with HS imaging. The wavelength ranges used were 1) visual (400-1000 
nm), 2) near-infrared (900-1700 nm) and 3) a combination of both (400-1700 nm). 
Second, we used the selected wavelength range as input for a classification algorithm 
that incorporates both spectral and spatial information. To allow for a good comparison 
between the different wavelength ranges and classification algorithms, the same 
training set (70% of the images) and test set (30% of the images) were used. Splitting of 
the whole dataset into a training and test set was performed randomly while keeping 
spectra from one patient together. To verify that the data partition was representative 
for the whole dataset, also a 7-fold cross-validation strategy was performed for the 
spectral classification algorithm and its results were compared to the results of the 
single data partition.

2.5.1 | Spectral classification algorithm

First, a supervised classification model was developed that only incorporated the 
spectral information of the 3D hypercube, i.e. looks at each pixel individually without 
considering its surroundings. In the annotations of HS pixels with tissue types, it might 
occur that the diffuse reflectance spectrum in one pixel represents a mixture of different 
tissue types instead of the single tissue type provided by the H&E annotations. As the 
classification model will be affected by these incorrect histopathology annotations of 
the HS data, we only trained the model with the RIGHT pixels in the training set.  As 
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input for the spectral classification model, we used the wavelength range of the VIS 
camera, the NIR camera, and both cameras combined. 

The SNV normalized RIGHT dataset was used to develop a supervised spectral 
classification model using Fisher’s linear discriminant analysis (LDA). LDA finds a linear 
combination of wavelength bands that optimizes the separation between two classes. 
It maximizes a function that represents the difference between the means of two 
classes, normalized by a measure of the within-class variability (25). Thereby, for each 
combination of two tissue classes (in total 6 combinations of two tissue types), LDA 
reduces the large number of wavelength bands to a single feature that most optimally 
separates the two tissue types. By setting a threshold between the two tissue classes for 
each feature, we obtained a multi-class classification algorithm. For each combination 
of tissue classes, the algorithm provides for each pixel the probability of the pixel 
belonging to a class. With pairwise coupling (26), those probabilities are combined so 
that finally, each pixel was labeled with one of the four tissue classes. 

2.5.2 | Spectral-spatial classification algorithm

Second, a deep neural network was used that incorporates both spectral and spatial 
information. Deep learning techniques usually require large training sets to achieve 
good performance. In addition, they require more pixels than only the RIGHT pixels to 
incorporate spatial information: In the RIGHT dataset, the contextual information of 
the complete imaged scene was altered. Therefore, at the edges of tissue areas in the 
RIGHT dataset (see Figure 3i) some of the spatial information is missing. To increase the 
number of training samples and to keep the contextual information unaltered, all pixels 
with pathology labels (i.e. the ALL dataset) were used to train the algorithm. As input, 
we used one of the three wavelength ranges (VIS, NIR or a combination of both) that 
gave the highest performance for tissue discrimination using the spectral classification 
algorithm described in the previous subsection. 

For the classification, we used a convolutional network architecture which was 
a modified version of U-Net (27). U-Net allows for fast and precise segmentation of 
the HS images by using an architecture that consists of a contracting path to capture 
context and a symmetric expanding path that enables precise localization. Figure 4 
shows a schematic overview of the multi-scale U-Net architecture. First, we start 
with the images obtained with the VIS camera that were twice the size of the images 
obtained with the NIR camera. We apply a multichannel feature web, which is a chain 
of 3D convolutional layers followed by a non-linear activation function (ReLU-rectified 
linear unit). Afterward, max pooling operators in 2×2 regions were used, which reduced 
the size of the images and acted on each feature separately. In the second layer, the 
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images obtained with the NIR camera are concatenated with the first layer output 
and used as inputs for this layer. After each max pooling operation, we increased the 
number of feature channels with a factor of two. To obtain segmentation results with a 
size similar to the HS NIR image, we used the expansion path. This path consisted of a 
sequence of up-convolutions and concatenation with high-resolution features. The up-
convolution used a learned kernel to map each feature vector to the 2×2 pixel output 
window, again followed by a non-linear activation function. The segmentation results 
were obtained by a 4-class softmax classifier at the end. A combination of cross entropy 
and Dice similarity coefficient was used to measure the loss value. The weights, ωk, 
were included in the loss function to allow for reweighting of the strongly imbalanced 
classes:  

( ) ( )
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ˆ ˆ, log 1 1
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k nk nk k
nk k nk nk

n n
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Loss y y y y
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 = − + − − + 
 

∑
∑ ∑ ∑ ∑ , (2)

where  ˆ nky  is the output of the softmax and ynk denotes one-hot encoded ground truth, 
while n runs over all samples and k runs over the classes. α controls the amount of the 
Dice term contribution in the loss function.

Before feeding the images to the network, several pre-processing and data 
augmentation steps were applied. The first step consisted of cropping the borders of 
each image that did not contain tissue. Second, data augmentation steps included 
random scaling to 70-95% of the initial size, horizontal/vertical flipping and random 
rotation between 0-90°. After applying these transformations, patches of 64×64 pixels 
were extracted from the VIS camera. Next, from the NIR camera, corresponding patches 
of 32×32 pixels were extracted. We used a Stochastic Gradient Descent optimization 
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technique with a weight decay of 0.0001 and a momentum of 0.9. The learning rate 
was fixed to 0.001 for 100 epochs, then we decreased it to 0.0001 and trained the 
network for 200 more epochs. For the training and tuning model hyperparameters, 
the training set (described in Section 2.5) was randomly split into a training set (80% of 
the images) and a validation set (20% of the images) while keeping spectra from one 
patient together.

2.6 | Performance metrics and statistical analysis

The classification performance of HS imaging on breast tissue was evaluated on the 
tissue slices that were used as test set. Clinically, differentiating tissue types within the 
healthy and tumor class is less relevant. Therefore, we evaluated the recall per tissue 
class, i.e. the percentage of pixels that were correctly classified as either tumor or 
healthy tissue. In addition, we calculated the Matthews Correlation Coefficient (MCC), 
true positive rate (sensitivity), true negative rate (specificity), positive predictive value 
(PPV) and negative predictive value (NPV). In these calculations, IC and DCIS pixels 
that were correctly classified as tumor were true positives (TP), and IC and DCIS pixels 
classified as healthy tissue were false negatives (FN). Connective and adipose pixels 
that were correctly classified as healthy tissue were true negatives (TN), whereas 
connective and adipose pixels classified as tumor were false positives (FP). MCC was 
used instead of accuracy since this performance metrics is able to handle the imbalance 
in measurements per tissue class in our dataset. MCC was calculated by (28, 29)

( )( )( )( )
TP TN FP FN

MCC
TP FP TP FN TN FP TN FN

⋅ − ⋅
=

+ + + +
, (3)

and returns a value between -1 and +1, which indicates no correlation and perfect 
correlation respectively. Therefore, a value of 0 indicates that the classification 
performance is no better than random prediction.
For the evaluation of a significant difference in the performance of the proposed tissue 
classification techniques, the paired nonparametric McNemar’s test was performed 
(30). Thereby, the null hypothesis was tested that two algorithms disagree with the 
ground truth in the same way. P values < 0.05 are considered significant.

3 | Experimental results

3.1 | Data description

In total, 42 tissue slices from different patients were measured and divided into a training 
and test set. Table 1 shows the patient characteristics and the number of spectra per 
tissue class in each dataset. Figure 5a shows the average diffuse reflectance spectra 
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for each tissue type. Two observations can be made: First, the standard deviations 
observed around the averaged diffuse reflectance spectra are large, and second, the 
spectra obtained with the VIS and NIR camera do not connect. Both observations 
are the result of the oblique illumination of the tissue in combination with the rough 
surface of the tissue, causing differences in illumination of the tissue and scatter 
nonspecific to the optical properties of the tissue measured. This is shown in Figure 
6b; even when diffuse reflectance spectra are taken with the same camera, at the same 
location in the tissue slice, their intensity varied when the tissue was illuminated from a 
different point of view. This difference can be observed as a baseline shift of the diffuse 
reflectance spectrum, which cause the large standard deviations around the averaged 
spectra. Since both cameras have their own suspension system and light sources, the 
illumination angle of both cameras might differ slightly. Therefore, spectra obtained 
with both cameras did not connect. To correct for the differences in illumination and the 
nonspecific scatter, we used SNV normalization as a preprocessing step. As expected 
and shown in Figure 5b, this reduced the standard deviations around the averaged 
diffuse reflectance spectra. However, SNV was applied to the spectrum obtained with 

ALL dataset

Training set

Table 1. Data description

Test set

RIGHT dataset ALL dataset RIGHT dataset

aEach tissue slice was imaged twice with each camera; the slice was rotated 180° so that it was illuminated from a different point 
of view. Both images from a tissue slice were assigned to the same set (training or test).

Adipose

Total

IC

DCIS

Connective

Age

Number

13 (9,746) 10 (2,854) 11 (7,402) 10 (3,200)

24  (11,694) 5 (208) 8 (1,483) 3 (112)

29 (69,612) 10 (712) 13 (15,731) 5 (468)

29 (133,809) 29 (32,309) 13 (59,720) 13 (20,759)

29 (224,861) 29 (36,083) 13 (84,336) 13 (24,539)

57 ± 11 58 ± 11

29 (58 imagesa) 13 (26 imagesa)
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the VIS and NIR camera individually; therefore the SNV normalized spectra in Figure 5b 
remain not connected.

Based on the SNV normalized spectra, shown in Figure 5b, adipose tissue differed the 
most from the other tissue classes in the NIR wavelength range, where the absorption 
of fat is most characteristic. For connective and the malignant classes, the spectral 
shape was more distinctive in the VIS wavelength range than in the NIR range.

Figure 6. Intensity differences between spectra. (a) Hyperspectral images obtained with the VIS and NIR 
camera. In the top and bottom row, the tissue was illuminated from the left and the right, respectively. The 
colored squares in the HS images are located at the same position in the tissue and correspond to the diffuse 
reflectance spectra in (b). Spectra obtained with different cameras (VIS and NIR) did not connect due to 
differences in the measurement setup of both cameras in combination with the rough surface of the tissue 
slices. This might cause a spectral variability that can be observed as a baseline shift of the spectra. Even 
when diffuse reflectance spectra were taken with the same camera, at the same location in a tissue slice, their 
intensity varied when the tissue was illuminated from a different point of view. 
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3.2 | ALL versus RIGHT dataset 

In this study, we made a clear distinction between all pixels with a histopathologic 
label, the ALL dataset, and pixels of which we are certain about the histopathologic 
label, the RIGHT dataset. In the ALL dataset, pixels that were classified incorrectly 
were mainly located at tissue transitions. This is shown in Figure 7, which shows the 
classification accuracy of all pixels in the ALL dataset with respect to the distance to a 
tissue transition. At a tissue transition, the diffuse reflectance spectrum of a pixel will 
represent a mixture of optical properties of different tissue classes. Figure 7b & 7c show 
a representative example of a tissue transition and its corresponding spectrum; this 
spectrum (location 2) was neither equal to the spectrum taken in IC (location 1) or the 
spectrum taken in adipose tissue (location 3). Instead, it resembled a mixture of these 
two tissue types. Since we cannot be certain that the histopathologic label of pixels at 
a tissue transition represents the tissue measured optically, these pixels were excluded 
from the RIGHT dataset. 
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In this study, training of LDA and U-Net was performed on the RIGHT and ALL dataset, 
respectively (Table 2). Testing of the classification algorithms was performed on both 
datasets.

Classification algorithm

Table 2. Overview of usage of RIGHT and ALL dataset

Test set (30% of samples)Training set (70% of samples)

U-Net

LDA
RIGHT datasetRIGHT dataset

ALL datasetRIGHT dataset

RIGHT datasetALL dataset

ALL datasetALL dataset

3.3 | Evaluation of optimal wavelength range

With the spectral classification algorithm, we evaluated which wavelength range allows 
for the highest discrimination between tumor and healthy tissue. As input, we used the 
RIGHT dataset, and the wavelength range of the VIS camera, the NIR camera, and both 
cameras combined. The results are shown in Table 3. The classification performance 
using only the VIS wavelength range was high with recalls above 91% for all tissue 
types. When using only the NIR wavelength range, these results were comparable for 
DCIS and adipose tissue but lower for IC and connective tissue. Especially for connective 
tissue, the NIR wavelength range performed worse with 21% of the pixels incorrectly 
classified as malignant tissue. By using both the VIS and NIR wavelength range, the 
highest recalls for both IC and DCIS were obtained. The recall for connective tissue was 
however 3 percentage point lower in comparison with the VIS range. 

The results in Table 3 were obtained after a single data partition into a training set and 

Figure 7. (a) The classification accuracy of all pixels in the ALL dataset with respect to the distance to a tissue 
transition. Both the VIS and NIR wavelength range were used as input for classification. (b) shows an example 
of a tissue slice with an IC-adipose tissue transition. The circles in the images (b) are taken in the middle of 
IC (location 1), in the middle of adipose tissue (location 3) and at the IC-adipose tissue transition (location 
2). The three diffuse reflectance spectra (c) correspond to these circles.  The colors in (b) represent IC (red), 
connective tissue (dark blue) and adipose tissue (cyan).
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a test set. To confirm that this data partition was representative for the whole dataset, 
also a 7-fold cross-validation strategy was performed. Using the 7-fold cross-validation 
strategy, the recall for tumor and healthy using the VIS + NIR wavelength range were 
respectively 98.7 ± 1.9 (mean ± standard deviation) and 99.3 ± 0.8 (mean ± standard 
deviation), and therefore comparable with the results shown in Table 3.

The recall for healthy tissue was comparable for all three wavelength ranges, whereas 
the recall for tumor varied and was the highest when both the VIS and NIR wavelength 
ranges were used. Based on these numbers, we considered the VIS + NIR range the 
wavelength range that gave the highest performance for tissue discrimination with 
LDA. Based on McNemar’s test, the performance of HS imaging using the VIS + NIR 
wavelength range was significantly different from both other wavelength ranges (VIS: 
p < 0.0001, odds ratio: 121.9; NIR: p < 0.0001, odds ratio: 238.6).

3.4 | Spectral versus spectral-spatial classification results

3.4.1 | Results on the RIGHT dataset

Table 4 and Table 5 show the performance metrics and the recall, respectively, of 
both the spectral classification algorithm, LDA, and the spectral-spatial classification 
algorithm, U-Net. On the RIGHT dataset, both the performance metrics (Table 4) and the 
recall for tumor and healthy tissue (Table 5) were high and similar using LDA and U-Net. 
The major differences between the classification algorithms were observed in recall per 
tissue type for DCIS and connective tissue: U-Net was capable of discriminating DCIS 
from healthy tissue with a recall of 100%, whereas LDA only achieved a recall of 94.6%. 
For connective tissue, the recall using LDA was higher (94%) than the recall using U-Net 
(85.4%).

3.4.2 | Results on the ALL dataset

Since U-Net was trained on all spectra with histopathologic labels, also the classification 
performance on the ALL dataset is shown. In general, the classification performance of 

Table 3. Evaluation of optimal wavelength range: Recall for each tissue type, tumor and healthy

Recall = percentage of pixels that were correctly classified as either tumor or healthy tissue. Histopathologic assessment of the 
tissue was used as ground truth.

#spectra
VIS

450-950 nm
NIR

953 - 1650 nm
VIS + NIR

450-1650 nm

DCIS

IC

Tumor

Adipose

Connective

Healthy

112 91.1% 90.2% 94.6%

3,312 95.4% 91.8% 98.8%

3,200 95.6% 91.9% 99.0%

20,759 100.0% 99.9% 99.5%

21,227 99.9% 99.5% 99.4%

468 97.0% 79.1% 94.0%
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MCC =  Matthews Correlation Coefficient, PPV = Positive Predictive Value, NPV = Negative Predictive Value, P = Tumor, N = 
Healthy.
Bold values represent the highest performance metrics of LDA and U-Net. 
aLDA and U-Net were trained on respectively the RIGHT and the ALL dataset of the training set. 

Table 4. Performance metrics averaged over patients for the discrimination of tumor from healthy tissue 
(mean ± std.)

0.74 ± 0.24

A
LL
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Specificity

MCC

Sensitivity

PPV

NPV

Spectral: LDAa Spectral-spatial: U-Neta

0.99 ± 0.01 0.99 ± 0.01

0.98 ± 0.03 0.98 ± 0.04

0.98 ± 0.03 0.98 ± 0.04

0.99 ± 0.01 0.99 ± 0.01

0.98 ± 0.02 0.98 ± 0.04

RI
G

H
T 

da
ta
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t

Specificity

MCC

Sensitivity

PPV

NPV

0.92 ± 0.15 0.93 ± 0.09

0.70 ± 0.23

0.76 ± 0.24 0.80 ± 0.25

0.90 ± 0.12 0.93 ± 0.09

0.82 ± 0.11 0.88 ± 0.10

Recall = percentage of pixels that were correctly classified as either tumor or healthy tissue. Histopathologic assessment of the 
tissue was used as ground truth.
aLDA and U-Net were trained on respectively the RIGHT and the ALL dataset of the training set. 

Table 5. Spectral versus spectral-spatial classification results: Recall for each tissue type, tumor and healthy

#spectra
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Adipose

112

3,312

3,200

21,227

468

7,400

20,759

8,883

1,483

75,451

15,731

59,720

100.0%

94.6%

98.8%

99.0%

99.9%

94.0%

83.5%

83.2%

81.8%

94.2%

77.5%

98.6%

99.9%

100.0%

98.1%

98.1%

99.6%

85.4%

88.3%

86.3%

76.3%

94.1%

80.0%

97.8%

both classification algorithms was lower on the ALL dataset than on the RIGHT dataset.
On the ALL dataset, there was a significant difference in performance between LDA and 
U-Net (p < 0.0001, odds ratio: 312.5). For the ALL dataset, all performance metrics were 
higher when they were classified with U-Net (Table 4). This includes the MCC, which is 
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a measure that describes how often tumor is classified as tumor, and healthy tissue as 
healthy tissue. In addition, the recall of tumor was higher with U-Net (86.3%) than with 
LDA (83.2%), whereas the recall of healthy tissue was similar.

The recall in Table 5 represents the percentage of pixels that were correctly classified 
as either tumor or healthy tissue. Figure 8 shows the capability of both algorithms to 
discriminate different tissue classes within the malignant and healthy classes.  As can be 
seen, U-Net was much better than LDA at differentiating DCIS from IC and connective 
tissue from adipose tissue. For connective tissue, for example, the percentage of 
connective pixels classified as malignant was comparable (Table 5; LDA: 77.5%, U-Net: 
80%). However, Figure 8 shows that with LDA only 37% of the connective pixels were 
correctly classified as connective, in comparison with 56.5% using U-Net. The remaining 
pixels were classified as the other healthy tissue class, adipose tissue. This result is also 
illustrated in Figure 9 by showing the classification result in three specimens. In the 
slice in the top row, both algorithms classified the DCIS pockets correctly as malignant. 
However, U-Net classified these pockets correctly as DCIS (Figure 9c) whereas LDA 
classified them incorrectly as IC (Figure 9b). Likewise, the smaller branches of connective 
tissue in the slice in the bottom two rows were detected with U-Net (Figure 9f & i) but 
classified as adipose tissue with LDA (Figure 9e & h) as indicated with the orange arrows. 

Therefore, adding spatial and contextual information to the classification algorithm 
improved the classification performance on the ALL dataset and improved the 
capability of differentiating different tissue classes within the malignant and healthy 
classes. On the RIGHT dataset, however, the classification performance was similar with 
and without adding textural structure to the classification algorithm.

Figure 8. For both classification algorithms, LDA and U-Net, the percentage of spectra in the ALL dataset 
classified as a tissue class within the malignant (IC + DCIS) and healthy (connective + adipose) tissue class. 
The entire bar corresponds to the percentage correctly classified as malignant or healthy tissue. The color 
in the bars corresponds to the tissue type as which the pixel was correctly classified with the classification 
algorithms: red = IC, magenta = DCIS, dark blue = connective, cyan = adipose.
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4 | Discussion
Obtaining tumor-negative resection margins after breast-conserving surgery remains 
challenging due to the lack of feedback during surgery. Diffuse reflectance HS imaging 
offers great potential to fill this gap as the entire resection margin can be imaged 
during surgery within a limited amount of time. This paper evaluates the classification 

Figure 9. The difference between pixel-based classification (b, e, h) without and (c, f, i) with adding contextual 
context in two tissue slices from the test set. a, d, g) shows the histopathology annotations. When adding 
contextual context, better differentiation between different tissue classes within the malignant (top row) and 
healthy classes (bottom two rows) can be made. The orange arrows point at smaller branches of connective 
tissue that were detected with (f ) U-Net but classified as adipose tissue with (e) LDA.

Unknown
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performance of HS imaging for tumor detection in gross-sectioned fresh breast tissue 
slices. Specifically, we showed that the highest discrimination between tumor and 
healthy breast tissue was obtained when HS data over the full wavelength range of 
450-1650 nm was used as input. In addition, the spatial information of the HS data 
contains valuable information that especially improves the classification performance 
on the ALL dataset and the capability of differentiating different tissue classes within 
the malignant and healthy tissue classes. 

We showed that by using only the NIR wavelength range, high classification accuracies 
for IC, DCIS and adipose tissue could be obtained. However, the differentiation of 
connective tissue was more difficult as 21% of the spectra were incorrectly classified as 
malignant. These results are similar to our previously published work (22) and suggest 
that the amount of water, fat, and collagen, which are the main absorptions in the 
NIR wavelength range, are often similar in connective and malignant tissue. Previous 
research performing diffuse reflectance spectroscopy with fiber-optic probes shows that 
the chromophores in the NIR wavelength range allow for good discrimination between 
malignant and healthy tissue (31-34). However, only a limited number of studies made 
a differentiation between connective and malignant tissue. In a study from Nachabé 
et al., connective tissue was reported to have a lower water content than IC as well 
as a lower collagen content than DCIS. Since the light absorption of both water and 
collagen is most characteristic in the NIR wavelength range, their study suggests that 
the NIR wavelength range is sufficient for discriminating connective from malignant 
tissue (34). However, most studies show that chromophores in the VIS wavelength are 
required for the differentiation between connective and malignant tissue (31, 35-37). 
In our study, the classification performance indeed improved substantially to recalls 
above 94% for all four tissue types, including connective tissue, after adding HS data 
obtained in the VIS wavelength range to the HS data obtained in the NIR wavelength 
range. 

To evaluate the performance of different wavelength ranges, we used the relatively 
simple classification algorithm LDA combined with pairwise coupling. This algorithm 
was trained using only pixels in the RIGHT dataset, i.e. pixels with a histopathologic 
label of which we were certain. U-Net, on the other hand, incorporates both spectral 
and spatial information in the classification. Therefore, all pixels in the HS image needed 
to be used as training data in order to keep the spatial and contextual information 
unaltered. As a result, also pixels with uncertain histopathologic labels were included 
in the training. Therefore, the classification performance on the RIGHT dataset could 
have been lower with U-Net than with LDA. However, the performance metrics were 
similar (Table 4) and only the recall for connective tissue was considerably lower using 



94

Chapter 4

U-Net (Table 5). On the ALL dataset, we showed by using the McNemar’s test that the 
performances of LDA and U-Net were significantly different. However, this test does 
not determine whether one classification technique performs significantly better than 
the other. In Table 4, we did show that the performance metrics using U-Net was higher 
than when using LDA. In addition, the recall of tumor in Table 5 was higher with U-Net 
than with LDA. Based on these numbers, we considered U-Net to perform better on the 
ALL dataset than LDA. We would have expected that since, besides the fact that adding 
spatial information could improve the detection of smaller structures, also pixels were 
included in the training set that represented a mixture of different tissue types but were 
labeled with a single tissue class by histopathologic assessment. The latter increased 
the likelihood that pixels in the test set with a similar diffuse reflectance spectrum were 
classified with the same tissue class. In Figure 9, we illustrated this by showing that 
smaller branches of connective tissue were detected with U-Net and missed with LDA.

The difference in performance metrics between the ALL and the RIGHT dataset was, 
as explained in Section 2.3.1, related to a difference in the data that we measured with 
the HS camera, and the information that histopathology is providing. Reducing the 
ALL dataset to the RIGHT dataset resulted in a large reduction of the number of spectra 
(remainder in RIGHT dataset per tissue class: IC 35%, DCIS 2.5%, connective tissue 1.4%, 
and adipose tissue 27%), especially for DCIS and connective tissue, which are smaller 
tissue classes in general. For the final purpose of this study, assessing resection margins 
of lumpectomy specimens, it is more likely that tumor-positive resection margins are 
caused by mixtures of malignant and healthy tissue instead of these RIGHT spectra. 
Nevertheless, the RIGHT dataset can be used to determine the maximum capability of 
HS imaging to differentiate malignant tissue types from healthy tissue types. On the 
RIGHT dataset, we report a sensitivity, specificity, PPV, and NPV all higher than 0.98 
using either LDA or U-Net. 

Thereby, the classification performance of HS imaging on the RIGHT dataset of the 
tissue slices was high in comparison with the performance reported for resection 
margin techniques that are currently available in the clinic (Table 6). For imprint 
cytology and frozen section analysis, a sensitivity of 72 and 83%, and a specificity of 
97 and 95% was reported (10). The classification performance of HS imaging on the 
ALL dataset was comparable to these numbers. However, imprint cytology and frozen 
section analysis add on average 10-30 minutes to operation times and are too time-
consuming to analyze the whole resection surface. With HS imaging, the time required 
to image and analyze the entire resection surface can be much faster. In this study, each 
tissue slice was imaged in 1 minute (40 seconds with the VIS camera and 20 seconds 
with the NIR camera) and data analysis was performed within 45 seconds (30 seconds 



95

Broadband hyperspectral imaging for breast tumor detection using spectral and spatial information

4

27 min.

13 min.

3-6 min.

1-2 min.

<2 min.

Time required for diagnosisSensitivity

Table 6. Comparison of currently available margin assessment techniques and HS imaging

aClassification performance reported in literature for resection margin assessment
bClassification performance obtained on fresh tissue slices in this study

Imprint Cytologya (10)

Frozen Section Analysisa (10)

Ultrasounda (9,12)

Specimen Radiographya (9,14)

Our approachb
RIGHT dataset

ALL dataset

97%

95%

81%

84%

99%

93%

72%

83%

59%

53%

98%

80%

Specificity

for preprocessing, and 2-3 seconds and 7-8 seconds for classifying the image using LDA 
and U-Net respectively). Therefore, with our approach, the surgeon would be able to 
get a diagnosis on the presence of tumor at a specific resection side within 2 min. This 
time is comparable to the other faster margin assessment techniques, ultrasound and 
specimen radiography (9, 13). However, the classification performance of those two 
techniques showed to be insufficient to clearly improve the reoperation rate (9, 13, 14).

In this study, optimization of HS data acquisition and data analysis was out of the 
scope of this research: data were acquired with two separate imaging set-ups and data 
analysis was performed in MATLAB 2018a using an Intel Xeon CPU E3-1240 at 3.40 GHz. 
However, HS imaging for resection margin assessment does have the potential to be 
much faster by further development of the hardware by, for instance, combining both 
wavelength regions in a single camera, and optimization of the classification algorithm.

In the end, this study was performed to achieve our final goal: resection margin 
assessment with HS imaging on fresh lumpectomy specimen so that direct feedback can 
be given to the surgeon during surgery. However, in the current study, measurements 
are performed ex vivo on fresh tissue slices after inking and gross-sectioning of the 
resection specimen. This approach allowed us to obtain the highest possible correlation 
with histopathology since H&E sections are taken from the same surface as measured 
with the HS camera. However, our final goal with HS imaging is measuring lumpectomy 
specimens immediately after surgery, so that direct feedback on the resection margins 
can be given to the surgeon. Whether the developed classification algorithms in this 
study allows for the same high classification performance on the resection surface of 
lumpectomy specimens needs to be examined in a new clinical study. In such a study, 
fresh lumpectomy specimens can be imaged and analyzed immediately after surgery 
so that tumor-suspicious areas can be marked and retrieved on the specimen after 
histopathologic processing. 
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5 | Conclusion
In summary, we have demonstrated that with HS imaging malignant tissue can be 
discriminated from healthy tissue with a sensitivity and a specificity of 0.98 and 0.99. 
Therefore, two HS cameras were required that together comprise a broad wavelength 
range from 450 to 1650 nm. Hyperspectral data analysis using this spectral range 
outperforms HS data analysis using wavelength ranges limited to either the VIS (400-
1000 nm) or NIR (900-1700 nm) alone. Adding spatial and contextual information 
to the classification algorithm especially improved the capability of HS imaging to 
differentiate different tissue classes within the malignant and healthy classes. As a 
result, smaller branches of connective tissue and DCIS, which were classified as adipose 
and IC respectively with the spectral algorithm, were detected with the spectral-spatial 
algorithm. With the algorithms developed in this study, it would be possible to, in the 
future, provide direct feedback on the resection margins to the surgeon during surgery. 
Therefore, the next step is to validate the technique as margin assessment technique 
during breast-conserving surgery.
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Abstract
Hyperspectral imaging is a promising technique for resection margin assessment 
during cancer surgery. Thereby, only a specific amount of the tissue below the resection 
surface, the clinically defined margin width, should be assessed. Since the imaging 
depth of hyperspectral imaging varies with wavelength and tissue composition, this can 
have consequences for the clinical use of hyperspectral imaging as margin assessment 
technique. In this study, a method was developed that allows for hyperspectral analysis 
of resection margins in breast cancer. This method uses the spectral slope of the diffuse 
reflectance spectrum at wavelength regions where the imaging depth in tumor and 
healthy tissue is equal. Thereby, tumor can be discriminated from healthy breast tissue 
while imaging up to a similar depth as the required tumor-free margin width of two 
millimeters. Applying this method to hyperspectral images acquired during surgery 
would allow for robust margin assessment of resected specimens. In this paper, we 
focused on breast cancer, but the same approach can be applied to develop a method 
for other types of cancer.



103

Imaging depth variations in hyperspectral imaging

5

1 | Introduction
Surgery is usually the preferred treatment for patients with cancer. Thereby, surgeons 
aim to remove the tumor with a surrounding margin of normal tissue, while sparing as 
much healthy tissue as possible. However, since tumor tissue is difficult to distinguish 
by eye, complete tumor removal remains challenging (1-3). Completeness of tumor 
removal is determined by a pathologist, who examines the resection margin under a 
microscope. For cancer surgery in which large specimens are excised, histopathologic 
evaluation of the whole margin is too time-consuming to be performed during surgery 
and typically requires several days.  If a tumor-positive margin is found, often additional 
treatment like a second surgical procedure or radiation therapy is needed. 

Hyperspectral imaging is a non-invasive and rapid technique for the examination of 
the resection margins during surgery. As the entire surface of a resected specimen can 
be imaged fast and hyperspectral diffuse reflectance measurements can be analyzed 
directly, tumor-positive margins can be found during the initial surgery in order to 
excise remaining tumor tissue in the patient immediately (4). Previous research showed 
promising results in detecting tumor tissue in resected specimens with hyperspectral 
imaging (5-9). Importantly, for hyperspectral imaging as margin assessment technique, 
the imaging depth should be taken into account. Ideally, the imaging depth should 
equal the required tumor-free margin width to remove the whole tumor while sparing 
as much healthy tissue as possible. The tumor-free margin width is in the order of 
millimeters and depends on the type of cancer and the guidelines of a country (1-3, 8).

With hyperspectral imaging, each pixel in the image contains an entire spectrum 
over a broad wavelength range. As the optical penetration depth varies with tissue 
composition and wavelength, different wavelengths sample different tissue volumes 
with hyperspectral imaging (4, 10, 11). Therefore, a tumor that is located a few 
millimeters underneath the resection surface might be detected by wavelengths 
that have a larger penetration depth and be missed by wavelengths with superficial 
penetration depth. When hyperspectral data analysis is performed on the entire 
spectrum, these differences in sampling volume are not taken into account. Therefore, 
in previous research, the optical parameters of skin were obtained by applying a two-
layered model on separate wavelength ranges in the hyperspectral data where the 
penetration depth was assumed more or less uniform (12). 

In this study, we developed a method that allows for hyperspectral margin 
assessment, with an imaging depth similar to the required tumor-free margin width. 
We focussed on breast cancer, but the same approach can be applied to other types of 
cancer as well. For breast cancer, the American guideline requires a tumor-free margin 



104

Chapter 5

width up to 2 mm (3). Therefore, hyperspectral imaging should be able to assess tissue 
up to a depth of 2 mm below the resection surface. To develop this method, we first 
identified wavelength regions at which the penetration depth of photons does not 
depend on whether the tissue is healthy or malignant. Previous research showed that 
the amount of water and fat is one of the main optical differences between tumor and 
healthy breast tissue (13-20). Therefore, we focused on the near-infrared wavelength 
range, where water and fat are the main absorbers. Second, we used diffusion theory to 
estimate the theoretical optical penetration depth at these wavelengths. We compared 
this penetration depth to the imaging depth of our setup, which we determined 
experimentally using a tissue-mimicking phantom. Third, we estimated the penetration 
depth in human breast tissue and developed a method using the selected wavelength 
regions to discriminate between healthy and tumor tissue. Finally, we applied this 
method to ex vivo breast samples and show that it can discriminate between healthy 
and tumor tissue.

2 | Materials and methods

2.1 | Hyperspectral imaging setup

Hyperspectral images were acquired with two pushbroom hyperspectral imaging 
systems (LabScanner Setup 40 x 20, Specim, Spectral Imaging Ltd., Finland) that operate 
in the visual (VIS) and near-infrared (NIR) wavelength range and were controlled by 
LUMO software (v2016-427, Specim, Spectral Imaging Ltd., Finland). Figure 1 shows 
the hyperspectral imaging setup. Images acquired with the VIS camera (PFD-CL-65-
V10E, CMOS sensor with 1312 x 384 pixels) and the NIR camera (VLNIR CL-350-N17E, 
InGaAs sensor with 320 x 256 pixels) have a spatial resolution of respectively 0.16 mm/
pixel and 0.5 mm/pixel. The material under investigation was placed on a translation 
stage, illuminated by three halogen light sources (2900K), and scanned line-by-line 
by moving the translation stage. The scanning speed for both cameras was adjusted 
to match the cameras spatial resolution of the imaged line. After excluding the noisy 
edges of the wavelength range of both cameras, a spectrum between 450-1646 was 
obtained (VIS camera: 450-950 nm, 318 wavelength bands, 3 nm (FWHM) nominal 
spectral resolution; NIR camera: 953-1646 nm, 210 wavelength bands, 5 nm (FWHM) 
nominal spectral resolution). The two cameras had different lenses (VIS: OLE 18.5 mm, 
NIR: OLES15, Specim, Spectral Imaging Ltd., Finland) optimized for the wavelength 
range of each camera. Both spectral and spatial aberrations are sub-pixel. 

Raw hyperspectral data obtained on tissue was normalized to a diffuse reflectance 
percentage relative to Spectralon (SRT-99-100, Labsphere Inc., USA). Prior to this 
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Figure 1. (a) Schematic view of the hyperspectral imaging setup. The material under investigation was 
placed upon a translation stage and illuminated by three halogen light sources under an angle of 45 degrees. 
By imaging line-by-line, (b) a 3D hypercube was created. All pixels in this hypercube contain multiple 2D 
images at different wavelengths. By combining both hyperspectral cameras, a diffuse reflectance spectrum 
between 450-1646 nm was obtained.

preprocessing step, we corrected for the slight non-linearity of the InGaAs sensor. A 
detailed description of this preprocessing was described previously (7).

2.2 | Theoretical penetration depth in breast tissue

To allow for hyperspectral analysis of breast tissue at predefined imaging depths, 
suitable wavelength regions should be selected that meet the following requirements: 
First, the penetration depth at these wavelengths should not depend on whether 
tumor or healthy tissue is imaged. Second, the penetration depth should be clinically 
relevant for margin assessment, with 2 mm for breast-conserving surgery. 

2.2.1 | Equal penetration depth in healthy and tumor breast tissue: Isosbestic 
points

Based on previous research, one of the main differences in optical properties between 
tumor and healthy breast tissue is the higher water and lower fat content in tumors 
compared to healthy tissue (13-20). Therefore, we focused on the NIR wavelength 
range, where water and fat are the main absorbers of light. 

The optical penetration depth varies with tissue composition and wavelength and 
is depended on the absorption and scattering of light in tissue. In the NIR, the reduced 
scattering is dominated by Mie scattering. Since this type of scattering gradually 
decreases with wavelength, it is, in comparison to the absorption, not strongly 
wavelength dependent. Therefore, the optical penetration depth in the NIR will mainly 
vary due to differences in absorption. By selecting wavelength regions at which the 
absorption of light in tumor and healthy tissue is similar, the penetration depth in both 
tissue types will be the same. In the NIR, these regions are at the isosbestic points of 
the absorption spectra of water and fat (Figure 2a) (21). Due to the equal absorption 
of water and fat, the reflectance at these points will likely be the same for healthy and 
malignant tissue. However, at these wavelengths, the slope of the absorption spectrum 
is strongly related to the amount of water and fat in the tissue (Figure 2b). This indicates 
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that it could be possible to obtain information on the composition of the tissue by 
using the slope of the diffuse reflectance spectra around the isosbestic points. The 
next step is to investigate the penetration depth at the isosbestic points to see which 
wavelengths are clinically relevant for margin assessment during breast-conserving 
surgery.

2.2.2 | Theoretical penetration depth: Diffusion theory 

To estimate the optical penetration depth of light, we used diffusion theory, which 
gives an approximation of the light propagation in highly scattering media (22). The 
penetration depth (deff) is defined as the depth where the light fluence rate drops to 1/e 
of its initial value at the surface, and is given by (23):
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Figure 2. (a) The extinction coefficient of water and fat, the main chromophores in the NIR wavelength range. 
The arrows indicate the isobestic points of the absorption spectra of water and fat: 910, 931, 1197, 1222, 
1699 and 1735 nm. (b) The slope of the absorption spectrum for different amounts of water and fat, at the 
isosbestic point 1197 nm.
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spectrum and thus likely change between healthy and tumorous tissue.
We estimated the optical penetration depth and diffuse reflectance in breast tissue 

using known optical properties of breast tissue (13-20). Since water and fat are the 
main absorbers of light in the NIR region, equations for the absorption coefficient and 
the reduced scattering were approximated by:

( ) ( ) [ ] ( ) [ ]µ λ ε λ ε λ= ⋅ + ⋅a water fatwater fat ,  (4)

( )' '
,800 800nm

b

s s

λµ λ µ
−

 =  
 

, (5)

in which [water] and [fat] represent the water and fat concentration in the tissue, and 
εwater and εfat their extinction spectra. The reduced scattering is given by the factor '

,800sµ , 
which is the reduced scattering at 800 nm, and the scatter power, b. With known optical 
properties of breast tissue, the optical penetration depth at the isosbestic points can be 
estimated using equation 1. 

2.3 | Penetration depth versus imaging depth: Theory versus experiment

The penetration depth is a theoretical concept that can provide an estimate of the 
actual imaging depth specific to our hyperspectral setup. In this study, the imaging 
depth is defined as the depth required to reduce the relative reflectance by a factor 
of 1/e2. The relative reflectance is the measured reflectance divided by the maximum 
reflectance that could have been measured using an infinitely thick sample. Instead 
of 1/e1, which is the fluence rate at the optical penetration depth, 1/e2 was chosen so 
that the imaging depth will be similar to the penetration depth: The fluence rate of 
light reduces exponentially with depth, and the light travels twice the distance with 
the imaging depth as with the penetration depth. With the imaging depth, diffusely 
reflected light was measured that penetrated the tissue and was subsequently scattered 
back, whereas the penetration depth describes a drop in light fluence in the tissue.

To compare the theoretical penetration depth with the actual imaging depth of our 
hyperspectral imaging setup, we measured a tissue mimicking phantom, with known 
optical properties. The phantom consisted of a black container that contained eight 
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black rods with various heights (Figure 3). The rods were made of polyoxymethylene 
material that highly absorbs light over the whole wavelength range. The container was 
filled with a fat emulsion up to the height of the highest rod so that the remaining rods 
were covered with an emulsion layer ranging from 1-10 mm. The emulsion consisted 
of a mixture of 1 part Intralipid 20% (Fresenius, Kabi, Germany) and 19 parts deionized 
water. The optical properties of this emulsion were described by Aernouts et al. and, 
with μ’s = 3.8 – 8.5 cm-1 between 900 and 1600 nm, comparable to the optical scattering 
properties of breast tissue (26).

Height of rods

5

0mm
4mm

30
mm

7

2mm 7.5mm

36

1mm 5mm

21

(b)

8

3mm
10mm

4

Figure 3. (a) Schematic view of the phantom. In the container, 8 rods with different heights are placed on 
a plate of polymethlyene. Subsequently, the container is filled with a fat emulsion up to the height of the 
highest rod (rod 1), so that the remaining rods were covered with a fat emulsion layer ranging from 1-10 mm 
(b). ‘inf’ indicates the region of interest of the infinite fat emulsion layer. 
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The container was imaged with the hyperspectral imaging setups. To evaluate the 
imaging depth, nine regions of interest (ROI) were selected: Eight ROIs at the position of 
the eight rods and one ROI in the middle of the container where the layer of fat emulsion 
is 30 mm and assumed effectively infinite. Second, the relative diffuse reflectance 
(Rrel) was calculated for the ROIs at the rods. This is the diffuse reflectance, relative to 
the diffuse reflectance measured at the infinite fat emulsion layer. By plotting this Rrel 

against the layer thickness (d) above each rod, we expect an exponential curve similar 
to the exponential curve describing the decrease of diffuse light in highly scattering 
tissue with depth (22). This curve can be described by: 

( )λ −= − 2
1, 1 f d

relR d f e , (6)
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where f1 and f2 are the variables that are fitted to the data using the nonlinear least-
squares solver in Matlab 2018a (The MathWorks Inc., USA). As mentioned before, we 
defined the imaging depth as the depth at which Rrel equals 1-1/e2. 

2.4 | Classification method: Spectral slope method

In Section 2.2.1, we hypothesised that the slope of the reflectance spectrum around 
the isosbestic point could be used to discriminate between healthy and tumor tissue. 
Therefore, we calculated the first order derivative, the spectral slope, from the diffuse 
reflectance spectra obtained on breast specimens, at each isosbestic point using the 
following equation: 

( ) ( ) ( )λ λ λ λ λ
λ λ

+ ∆ − − ∆
=

⋅ ∆
0

2
d d ddR R R

d
, (7)

where 
( )λ
λ

0ddR

d  
is the spectral slope at the isosbestic point ( 0λ ), Rd the diffuse 

reflectance and λ  the wavelength band in millimeter. The spectral slope was calculated 
by choosing two wavelengths, each at a distance λ∆  from the isosbestic point. 

The optimal distance, λ∆ , for the spectral slope method should meet two 
requirements. First, this distance should be as small as possible to prevent large 
penetration depth variations within the wavelength range with tissue composition. 
Second, λ∆  should be large enough to use the spectral slope to predict the amount 
of fat in the tissue, i.e. obtain detectable differences between tumor and healthy tissue. 
The relation between the spectral slope and the amount of fat was expected to be 
linear and therefore analyzed using the Pearson Correlation Coefficient (PCC). An 
absolute PCC of 1 indicates a perfect linear correlation, whereas a PCC of 0 indicates no 
correlation. The minimum λ∆  that has to be used for the spectral slope depends on 
the signal-to-noise ratio (SNR) of the hyperspectral camera since a smaller λ∆  is more 
likely to generate a nosier slope. Therefore, white noise was added to the estimated 
reflectance spectra up to a maximum that corresponded to an SNR of 50, which was 
the minimum SNR of the cameras at the isosbestic points. We selected the optimal λ∆  
based on two requirements. First, the variation in penetration depth should not exceed 
20% of the penetration depth at the isosbestic point. Second, for all different amounts 
of added noise, the PCC should be highest.

2.5 | Applying classification method to breast specimens

To evaluate whether the spectral slope at the isosbestic points can differentiate 
between healthy and tumor tissue, the method was applied to ex vivo breast samples. 
This study was approved by the Institutional Review Board of the Netherlands 
Cancer Institute /Antoni van Leeuwenhoek. According to Dutch law (WMO), no 
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written informed consent from patients was required. Fresh surgical specimens were 
obtained from female patients undergoing primary breast surgery at the Antoni van 
Leeuwenhoek hospital. Immediately after resection, the breast specimen was brought 
to the pathology department. There the specimen was inked and subsequently sliced 
in 2-6 mm thick tissue slices, according to standard histopathologic procedure. One 
tissue slice was placed in a macrocassette on top of black rubber and used for the 
optical measurements. The black rubber highly absorbs light from 400-1700 nm and 
prevents that any other underlying structure under the tissue is measured. The optical 
measurements were performed within 10 minutes after collection of the tissue at the 
pathology department. 

After a few days, the tissue slices were processed in H&E stained sections according 
to standard protocol. These sections were registered to the hyperspectral images using 
a white light image that was taken simultaneously to the hyperspectral image and a 
non-rigid registration algorithm. This process is described in our earlier publication 
(7). After registering the annotated H&E section to the hyperspectral image, the whole 
hyperspectral image was annotated with tissue types being invasive carcinoma (IC), 
adipose tissue and connective tissue. To exclude potential histopathology registration 
errors, only areas 1 mm away from a tissue class border were selected for the evaluation 
of the spectral slope method. 

From 19 patients, one slice per patient was measured with a mean slice thickness of 
3.7 mm (range 2.5 – 5.5 mm). Table 1 shows the characteristics of the patients, the tissue 
slices and the tumor. The age of these patients was 61 ± 11 years (mean ± standard 
deviation), and their ACR score, which reflects the breast density and ranges from 1 (low 
breast density) to 4 (high breast density), was 2.68 ± 0.74 (mean ± standard deviation). 
The type and grade of IC varied between the 19 patients: 4, 12 and 1 patient contained 
invasive ductal carcinoma (IDC) grade I, grade II and grade III respectively. The other 
two patients contained invasive lobular carcinoma grade II and III. 

Difference between the spectral slope in tumor and healthy tissue were evaluated 
for each patient individually using a non-parametric Kruskal-Wallis test (27), and over 
all patients using a two-level hierarchical model with the repeated measurements per 
patient in level one, and the tissue type in level two. P values < 0.05 were considered 
statistically significant.
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3 | Results and discussion

3.1 | Results

3.1.1 | Theoretical penetration depth in breast tissue

Figure 4 shows the diffuse reflectance and optical penetration depth in human breast 
tissue for different optical properties, as estimated using equation 2. The green arrows 
indicate the isosbestic points of the water and fat extinction coefficients at which the 
optical penetration depth does not depend upon the tissue properties. The optical 
penetration depth around these points differs: For example, around 930 nm and 1200 
nm, the light penetrates the breast tissue up to approximately 6.5 mm and 2 mm 
respectively, whereas above 1700 nm, imaging is more superficial. Given the preferred 
tumor-free margin width of 2 mm, the isosbestic points around 1200 nm are clinically 
most relevant for resection margin assessment during breast-conserving surgery (3).

Table 1. Characteristics of patients, slices, and tumor

aIDC = invasive ductal carcinoma, ILC = invasive lobular carcinoma

Age ACR score (mm) TypeaPatient # Grade

Patient characteristics Tumor characteristicsSlice Thickness

57 1 3 IDC1 3

77 2 4.5 ILC2 3

74 2 3 IDC3 2

54 3 5.5 ILC4 2

49 3 3.5 IDC5 2

73 4 2.5 IDC6 1

51 4 3 IDC7 2

57 2 2.5 IDC8 1

77 3 3 IDC9 1

63 2 4.5 IDC10 2

68 3 4.5 IDC11 2

48 2 4 IDC12 2

58 3 4 IDC13 1

67 2 2.5 IDC14 2

53 3 2.5 IDC15 2

73 3 4 IDC16 2

57 3 4.5 IDC17 2

51 3 5 IDC18 2

43 3 5 IDC19 2
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3.1.2 | Penetration depth versus imaging depth: Theory versus experiment

Figure 5 shows the comparison between the estimated penetration depth and the 
experimentally obtained imaging depth of our hyperspectral system. Figure 5b & 5c 
show the hyperspectral images of the tissue-mimicking phantom for two of the four 
isosbestic points within the wavelength range of our cameras. More of the deeper 
situated rods were visible in the image at 931 nm, which indicates that the imaging 
depth in the fat emulsion is higher at 931 nm than at 1197 nm. Figure 5d shows the 
spectra of an infinite fat emulsion layer as measured with the hyperspectral camera 
(black dotted line) and estimated with diffusion theory (red dotted line). The spectra 
were comparable, with only a small difference (less than 2.5%) between the estimated 
and measured spectra above 1150 nm.

In addition, Figure 5d shows the averaged diffuse reflectance spectra measured at 
the ROI of each rod. For shorter wavelengths, the imaging depth was larger (Figure 
5e). Therefore, larger layer thicknesses were required for the diffuse reflectance to 
be identical to the measured infinite layer. Table 2 shows the penetration depth and 
the imaging depth at the isosbestic points. In general, the measured imaging depth 
was lower than the estimated penetration depth, especially at 910 and 931 nm.  The 
theoretical penetration depth around 1200 nm in the phantom was slightly lower than 
the theoretical penetration depth in breast tissue: At 1197 nm 1.91 mm versus 2.01 ± 
0.22 mm and at 1222 nm 2.00 mm versus 2.14 ± 0.26 mm. Therefore, we expect the 
imaging depth of our hyperspectral setup in breast tissue to be slightly higher than the 
imaging depth in the fat emulsion as well.

3.1.3 | Classification method: Spectral slope method

Around 1200 nm, two isosbestic points are located: 1197 and 1222 nm. We optimized 
the distance λ∆  around these two points to minimize differences in penetration depth 
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Figure 4. The (a) diffuse reflectance and (b) penetration depth for three fat-water concentrations and a 
reduced scattering that varied due to differences in the factor

 
'
,800sµ  (5-10 mm-1) and the scatter power 

(0.5-1.25).  The shaded areas around the graphs depict the standard deviation due to variation in reduced 
scattering. The green arrows indicate wavelength regions at which the penetration depth of the photons did 
not depend upon the tissue properties, i.e. the isosbestic points of the water and fat absorption coefficients. 
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Figure 5. The (a) schematic view and the (b & c) hyperspectral (HS) image of the tissue mimicking phantom 
at two of the four isosbestic points within the wavelength range of our cameras. The colored circles in the 
rods in (a) represent the ROIs of each rod. The shown spectra (d, colormap: parula) are the averaged diffuse 
reflectance spectra at these ROIs. Left of each spectrum, the layer thickness of the fat emulsion above the rod 
is shown in mm. In addition, the measured and estimated spectra of an infinite fat emulsion layer are shown. 
(e) By plotting the relative diffuse reflectance at the ROIs against the layer thickness of the fat emulsion, the 
imaging depth of light can be calculated at the isosbestic points. 
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for different water/fat concentrations, while allowing for good differentiation between 
tumor and healthy tissue. Based on this analysis, 1197 nm allowed for the best tissue 
discrimination with minimal penetration depth variations. As shown in Figure 6, the 
optimal distance λ∆  around this isosbestic point was 10 nm. 

Measured spectrum in infinite fat emulsion layer
Estimated spectrum in infinite fat emulsion layer

Measured averaged spectra at ROIs:
0 mm layer thickness 4 mm layer thickness
1 mm layer thickness 5 mm layer thickness
2 mm layer thickness 7.5 mm layer thickness
3 mm layer thickness 10 mm layer thickness
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Figure 7 shows the spectral slope around 1197 nm, calculated with the optimal     
λ∆ , for different fat concentrations. With this spectral slope, the fat percentage in the 

tissue can be estimated. The variations in the boxplots are induced by variations in 
the reduced scattering we used and increase with the fat percentage. In breast tissue, 
the reduced scattering is unknown and varies from patient to patient. Therefore, the 
accuracy of the estimated fat percentage will be lower when the actual fat percentage 
in the tissue is higher.

3.1.4 | Applying classification method to breast specimens

The spectral slope method was applied to ex vivo breast samples to evaluate whether 
healthy and tumor tissue could be distinguished. Figure 8 shows the average diffuse 
reflectance spectra per tissue type. In comparison with the estimated diffuse reflectance 
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Figure 6. Selection of the optimal λ∆  around the isosbestic point 1197 nm. (a) illustrates the increase in 
penetration depth variations with an increase in λ∆ . The red dots represent the outliers in the boxplots. 
The penetration depth in this figure was estimated using 11 different water/fat concentrations, from 0% fat 

and 100% water to 100% fat and 0% water, and a reduced scattering of λ −
 
 
 

0.875

7.5
800nm

. The same optical 

properties were used in (b), which shows which λ∆  allows for the best tissue discrimination, i.e. how well the 
spectral slope can be used to predict the amount of fat in the tissue. The spectral slope is expected to be lin-
ear related to the amount of fat in the tissue and analyzed using the absolute Pearson Correlation Coefficient 
(PCC). The arrow points at the |PCC| corresponding to the selected optimal λ∆  of 10 nm. 

λ∆

Isosbestic points

Table 2. Estimated theoretical penetration depth using diffusion theory and measured imaging 
depth of our hyperspectral imaging setup in the fat emulsion.

7.38 4.49 ± 0.14910 nm

5.56 3.92 ± 0.15931 nm

0.79 not available1699 nm

0.73 not available1735 nm
athe depth required to reduce the fluence rate by a factor of 1/e1

bthe depth required to reduce the relative reflectance by a factor of 1/e2

Theoretical penetration depth 
according to diffusion theory 

(mm)a

Measured imaging depth 
of our hyperspectral setup 

(mean ± std.)b

1.91 1.71 ± 0.021197 nm

2.00 1.79 ± 0.031222 nm
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Figure 7. Influence of the scattering on the spectral slope method. The spectral slope around the isosbestic 
points is calculated for different water/fat concentration using the optimal λ∆ . Variations in the boxplots 
are related to different scattering properties, which varied due to differences in the factor '

,800sµ  (5-10 mm-1) 
and the scatter power (0.5-1.25).

(gray values), the measured diffuse reflectance was in the same range at the isosbestic 
points around 1200 nm, but much lower around 930 nm. This deviation was caused by 
the thickness of the tissue slices with respect to the optical penetration depth in tissue 
(Figure 4). Since light around 930 nm has a penetration depth of approximately 6.5 
mm, it penetrates through tissue with a thickness of 5.5 mm. Therefore, it was partly 

Figure 8. (a) Average measured diffuse reflectance spectra of invasive carcinoma (IC), connective and 
adipose tissue. The estimated diffuse reflectance spectra (gray values) correspond to the spectra shown in 
Figure 4. The difference between the measured and estimated reflectance is the result of the thickness of the 
tissue slices with respect to the penetration depth. (b&c) show the influence of the thickness of the tissue 
slices in both adipose tissue and IC. 
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absorbed by the rubber underneath the tissue, and less light was diffusely reflected 
and collected by the camera. Figure 8b & 8c show that the thicker a slice, the more the 
measured reflectance resembled the estimated reflectance.

Figure 9 shows a boxplot of the spectral slope at 1197 nm per tissue type for each 
patient sample. The median spectral slope of IC was significantly different from adipose 
tissue (p < 0.0001) in all patients and significantly different from connective tissue (p 
< 0.0001) in 11 of the 13 patients. The linear correlation between the ACR score of the 
patient and the spectral slope at 1197 was calculated with the Pearson Correlation 
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Figure 9. Spectral slope analysis of breast tissue at 1197 nm. The ACR score reflects the breast density. Tissue 
types are invasive carcinoma (IC, red), connective (green) and adipose tissue (cyan). The fat percentage was 
estimated using the graph of Figure 7, and the spectral slope. The two asterisks indicate no significant differ-
ence in the spectral slope between IC and connective tissue. (Patient #9, p = 0.5082; Patient #17, p = 0.2997).
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Coefficient en was for IC, adipose tissue and connective tissue respectively -0.26, -0.07 
and -0.53. Therefore, in patients with a higher ACR score, the spectral slope around 
1197 nm was higher in IC and connective tissue, and therefore the fat percentage was 
lower. Over all patients, statistical analysis revealed that the spectral slope of IC was 
significantly different from both connective tissue (p = 0.043) and adipose tissue (p < 
0.001). Since the spectral slope of IC was on average higher than the spectral slope of 
both adipose (by 1.257) and connective tissue (by 0.122), IC contained on average less 
fat than the two healthy tissue types. 

3.2 | Discussion

In this study, we developed a method that allows for hyperspectral analysis of 
resection margins in breast cancer, while imaging up to a depth similar to the required 
tumor-free margin width of 2 mm. We used diffusion theory to estimate the optical 
penetration depth and compared this with experimentally obtained data. Since the 
penetration depth cannot be measured directly from reflectance measurements, we 
measured the imaging depth specific to our setup and defined this imaging depth 
to be similar to the penetration depth. However, the measured imaging depth was 
lower than the estimated penetration depth, especially at wavelengths with higher 
penetration depths (Table 2 and Figure 5). This was related to our measurement setup, 
where the imaged scene was illuminated under an angle of 45 degrees, to reduce the 
amount of specular reflection in the measurements. Previous research showed that the 
illumination of a medium at an oblique angle shifts the center of the diffuse reflectance 
away from the incident point (28, 29). Thereby, the imaging depth can decrease 
with the angle of illumination incidence. Equation 2, however, purely describes the 
penetration of collimated light through an optically homogeneous medium without 
taking into account any properties of the measurement setup. As a result, the imaging 
depth can be much lower than the penetration depth, especially for wavelengths with 
higher penetration depths, such as 910 and 931 nm. Diffusion theory can thus provide 
an estimate of the imaging depth, but if a more precise estimate is needed for a specific 
measurement setup, measuring the imaging depth with a phantom is useful.

In addition, we verified with the phantom that estimating the diffuse reflectance 
with diffusion theory was representative for the diffuse reflectance measured with 
the hyperspectral camera. Despite small differences above 1150 nm (Figure 5d), 
which were resolved when adapting the assumed scattering properties, the spectra 
were comparable (26). Adaptations to these scattering properties were minimal (10%) 
and most likely needed to compensate for the layering of Intralipid, as described by 
Bodenschatz et al., and its potentially induced error for surface sensitive techniques 
(30).
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With diffusion theory, we also estimated the optical penetration depth in human 
breast tissue. For clinical measurements, well-substantiated information on this depth 
is important. First, for tissue discrimination with hyperspectral imaging, it is important 
to take into account the influence of the thickness of tissue slices on the measured 
reflectance. As visualized in both the phantom (Figure 5d) and the breast tissue slices 
(Figure 8), when light penetrates through a medium that is thinner than the optical 
penetration depth, spectra will be altered by the material underneath the medium. As 
a result, for data analysis, the slice thickness might influence the classification result. 
Second, for hyperspectral imaging in the clinical setting, knowledge on the assessed 
margin width is important. For resection margin assessment, the American clinical 
guideline requires a tumor-free resection surface for IC and a tumor-free margin width 
of 2 mm for its (potential) precursor ductal carcinoma in situ (DCIS) (3). Therefore, 
hyperspectral margin assessment should only assess tissue up to 2 mm underneath 
the resection surface. With our cameras, the minimum optical penetration depth at the 
isosbestic points was approximately 2 mm. For hyperspectral imaging in the clinical 
setting, this is sufficient for DCIS, but deeper than necessary for IC. Based on diffusion 
theory, higher wavelength regions, for example around 1715 nm, might provide a 
solution for more superficial imaging. However, since our current hyperspectral camera 
was limited to 1646 nm, we were not able to include this region in our analysis. 

The results of the spectral slope method to differentiate healthy and tumor tissue 
in ex vivo breast tissue slices are promising. Even though we observed an inter-patient 
variability related to the patients’ breast density, as has been reported by other research 
as well (14, 31), the spectral slope at 1197 of IC was significantly different from healthy 
tissue in 11 of the 13 patients. In addition, over all patients, the spectral slope in tumor 
was significantly different from healthy tissue. For this, only two wavelengths, instead of 
the whole spectrum, were required. This offers great potential for improvement of the 
current imaging setup: Currently, hyperspectral data is captured by moving the imaged 
scene, which makes the system impractical for in vivo imaging. By reducing the number 
of spectral bands, a stationary multispectral imaging system can be developed that will 
be less expensive, image faster and might be more practical in vivo. To make a more 
solid statement on the performance of the spectral slope method for intra-operative 
resection margin assessment, i.e. validate if the spectral slope method allows for 
tumor detection up to the required tumor-free margin width, we will perform a clinical 
study in the future that measures and analyzes the resection margin of lumpectomy 
specimens using this technique. 

In this paper, we focused on breast cancer, but the same approach can be used to 
develop a resection margin assessment method for other types of cancer. Based on the 
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tissue properties and required tumor-free margin width, the same strategy can be used 
to identify optimal wavelengths that can be used to discriminate healthy from tumor 
tissue. 

4 | Conclusion
Hyperspectral imaging is a promising technique for intra-operative margin assessment 
during cancer surgery. In this study, we developed a method, based on the spectral 
slope, that allows for hyperspectral analysis of resection margins in breast cancer. While 
imaging up to a depth similar to the required tumor-free margin width of 2 mm, this 
method can discriminate between healthy and tumor tissue. In this paper, we focused 
on breast cancer, but the same approach can be applied to develop a method for other 
types of cancer. 
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Abstract
Hyperspectral imaging is a promising technique for resection margin assessment 
during breast-conserving surgery. Good classification results were obtained on gross-
sectioned tissue slices. To enable intraoperative feedback, we take our research one step 
further by imaging lumpectomy specimen immediately after resection. However, the 
lumpectomy dataset could not be used to develop classification algorithms as it was not 
possible to obtain enough tumor and healthy measurements that are highly correlated 
with histopathology. Therefore, lumpectomy data was analyzed with algorithms 
developed using the tissue slices dataset. To correct for sample difference thicknesses 
between the two datasets, wavelength were removed that penetrated deeper than the 
minimum sample thickness (2.5 mm). With the remaining wavelengths, adipose tissue 
was easily distinguished. However, discriminating malignant and connective tissue was 
more challenging. Nevertheless, hyperspectral imaging can provide the surgeon with 
near real-time feedback on tumor suspected areas.
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1 | Introduction
Breast-conserving surgery in combination with adjuvant treatment is the preferred 
treatment for women with breast cancer (1-3). During these surgeries, surgeons aim 
to remove the complete tumor while sparing as much healthy tissue as possible. 
This, however, becomes challenging when no clear tumor border can be defined 
during surgery, and in up to 29% of the surgeries, residual tumor is left behind in the 
patient (4-9). Currently, a pathologist evaluates if the tumor is completely removed by 
analyzing the resection margin of the lumpectomy specimen under a microscope. As 
this involves extensive processing of the tissue, this requires a few days and no direct 
feedback can be given to the surgeon during surgery. Therefore, these patients require 
a second operation or extra radiotherapy boost to clear tumor deposits left behind 
during the initial procedure. 

A technique that offers great potential for margin assessment during surgery is 
hyperspectral imaging: The intrinsic optical properties of the entire resection surface 
can be imaged fast, over a wide field of view, without tissue contact. Hyperspectral 
imaging measures diffusely reflected light after it has undergone multiple scattering 
and absorption events in the tissue (10). Thereby, a hyperspectral image is generated 
that contains both spectral and spatial information of the tissue, which can be 
used to discriminate different tissue types. The spectral information represents the 
optical properties of the tissue, i.e. the composition and morphology, and the spatial 
information provides a reference of the spectral information in the imaged scene. 

In previous research of our group, we investigated the potential of hyperspectral 
imaging for discriminating tumor from healthy tissue (11, 12). In these studies, we 
measured breast tissue slices that were obtained after inking and gross-sectioning of 
the resection specimen. Thereby, we were able to ensure a high correlation of the optical 
measurements with histopathological information and obtain enough measurements 
on both healthy and tumorous tissue to develop reliable classification algorithms. With 
this extensive database, we developed and tested classification algorithms and showed 
that hyperspectral imaging has the potential to discriminate tumor from healthy tissue 
with a sensitivity and specificity higher than 98% (12). 

In the current study, we make the step from imaging tissue slices to imaging 
unprocessed lumpectomy specimens directly after resection. By analyzing this 
data during surgery, diagnostic feedback on the resection margin can be provided 
to the surgeon during surgery. However, it is challenging to create an extensive, 
reliable hyperspectral database on lumpectomy specimens: First, correlating optical 
measurements with histopathological information is difficult since histopathological 
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margin assessment only covers a small fraction of the entire surface that was measured 
with hyperspectral imaging and the tissue highly deforms during histopathological 
processing (13). Second, not every lumpectomy specimen will contain a tumor-positive 
resection margin. Therefore, it can be difficult to obtain enough measurements on 
tumorous tissue to allow for the development of reliable classification algorithms. To 
overcome this problem, we aim to use the extensive database obtained previously 
on tissue slices to develop and test classification algorithms and apply these to the 
lumpectomy dataset to evaluate the feasibility of hyperspectral margin assessment 
during surgery. 

The remainder of this paper is organized as follows. Section 2 describes the 
hyperspectral imaging setup, the data acquisition, the acquired data, and the 
hyperspectral analysis. In Section 3, we first evaluate if the hyperspectral data obtained 
on the tissue slices and the lumpectomy specimens are similar so that classification 
algorithms developed with the tissue slices can be applied to the lumpectomy 
specimens. Second, we adapt the algorithms if needed, test their classification 
performance on tissue slices, and apply them to the lumpectomy specimens. Section 4 
concludes with a discussion and a conclusion. 

2 | Materials and Methods

2.1 | Hyperspectral imaging 

2.1.1 | Imaging setup

Hyperspectral data were acquired with two push-broom hyperspectral imaging systems 
(Specim, Spectral Imaging Ltd., Finland) that operate in the visual (400-1000 nm) 
and near-infrared (900-1700 nm) wavelength range. The edges of the spectral range 
of both cameras exhibit a low sensitivity and were removed. The remaining spectral 
range is 450-951 nm (318 wavelength bands) for the VIS camera and 954-1650 nm (210 
wavelength bands) for the NIR camera. In addition, the sensor’s spatial resolution is 
0.16 mm/pixel and 0.5 mm/pixel for the VIS and NIR camera, respectively. The scanning 
speed for both cameras was adjusted to match the cameras’ spatial resolution of the 
imaged line. Other technical details of these systems can be found in reference (12). 
Figure 1 shows the imaging set-up.  

2.1.2 | Data preprocessing: Calibration to diffuse reflectance

Hyperspectral data analysis and tissue classification were performed using MATLAB 
2018b (The MathWorks Inc., USA). Prior to data analysis, raw hyperspectral data of 
the tissue sample was calibrated as described in reference (12). In short, the captured 
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photons counts were converted to diffuse reflectance relative to Spectralon (SRT-99-
100, Labsphere Inc., USA), which is known to diffusely reflect light with approximately 
99%. 

2.1.3 | Data preprocessing: Match hyperspectral data obtained with both cameras

The sensors’ resolution and the used scanning speed of the two hyperspectral cameras 
differ. Therefore, the hyperspectral images of both cameras were spatially matched prior 
to data analysis. For automatic matching, the specimen was placed on a house-made 
plateau, which was pinned on a frame that fits the translation stage of both cameras 
(Figure 1) and ensures a reproducible location of each measurement. The plateau and 
the frame were made of polyoxymethylene that highly absorbs light from 400-1700 
nm. At the corner edges of the plateau, four circular shaped white markers were placed 
that diffusely reflect light with a much higher intensity than the plateau and the tissue, 
and are therefore easy to segment from the rest of the image. We used these markers 
and an affine transformation to automatically resize and match the higher-resolution 
images obtained with the VIS camera to the lower-resolution images obtained with the 
NIR camera. As a result, we obtain a spectrum with 528 wavelength bands of each pixel 
in the final hyperspectral image.  

2.2 | Data acquisition and histopathology correlation

All measurements were performed on fresh ex vivo tissue from patients receiving 
primary breast-conserving surgery at the Antoni van Leeuwenhoek hospital. During 
standard procedure, the resected specimen was brought to the pathology department 

frame

plateau

translation stage

Figure 1. Hyperspectral imaging setup. The tissue is placed on a translation stage and illuminated by three 
halogen light sources. For a reproducible location of each measurement, the specimen was place on a 
plateau, which was pinned on a frame that fits the translation stage of both the VIS and NIR camera. With the 
four circular shaped white markers at the edge of the plateau, the hyperspectral image obtained with the VIS 
camera could be automatically resized to match the image obtained with the NIR camera.
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where it was inked and gross-sectioned in tissue slices (Figure 2). In this study, we used 
two datasets: the tissue slices dataset and the lumpectomy dataset. For the tissue slices 
dataset, we measured tissue slices after inking and gross sectioning of the resection 
specimen, while for the lumpectomy dataset, measurements were performed on the 
specimen immediately after resection. From each patient, either one tissue slice or the 
unsliced lumpectomy specimen was measured. The major differences in data acquisition 
and histopathology correlation between the tissue slices and lumpectomy specimen 
are reported in Table 1. This study was performed in compliance with the Declaration 
of Helsinki and approved by the Institutional Review Board of The Netherlands Cancer 
Institute/Antoni van Leeuwenhoek (Amsterdam, the Netherlands). According to Dutch 
law (WMO), no written-informed consent from patients was required.

1 tissue slice 
HS measurements

Lumpectomy 
specimen Slicing

Tissue slices

H&E sections

Lumpectomy 
HS 

measurements

Marked 
locations

Inking

Histopathologic analysis 
of H&E sections

Standard histopathologic procedure
Lumpectomy measurements procedure
Tissue slice measurements procedure

Lumpectomy 
H&E analysis

Tissue slices 
H&E analysisH&E section

Percentages:
0% IC
2% DCIS
65% Connective
32% Adipose

Tissue types:
   IC
   DCIS
   Connective
   Adipose

1mm

Figure 2. According to standard histopathologic procedure, the specimen was inked, gross-sectioned into 
tissue slices, and a number of tissue slices were processed to H&E stained sections for tissue analysis by a 
pathologist. For the hyperspectral measurements of the lumpectomy specimens, the specimen was imaged 
immediately after resection and, as described in Section 2.2.2, up to four locations were marked on the 
surface of the specimen. After these measurements, the lumpectomy specimen was gross-sectioned to tissue 
slices according to standard procedure. For the hyperspectral measurement on the tissue slices, one slice was 
selected that contains both tumor and healthy tissue. Afterward, a number of the tissue slices were further 
processed to H&E sections according to standard procedure, and analyzed by a pathologist. For the H&E 
analysis of the lumpectomy measurements, the tissue up to 1 mm underneath the black marked resection 
margin was analyzed to obtain the percentage of IC, DCIS, connective tissue or adipose tissue underneath 
the marked locations. For the H&E analysis of the tissue slices, the entire measured surface of the tissue slices 
was annotated as IC, DCIS, connective or adipose tissue.

test



129

Feasibility of margin assessment with hyperspectral imaging during breast-conserving surgery

6

Table 1. Differences in data acquisition and histopathology correlation between tissue slices and 
lumpectomy specimens

high

Data acquisition

Tissue slices dataset Lumpectomy dataset

Inclusion mastectomy and lumpectomy specimen lumpectomy specimen

Time in clinical workflow after inking and slicing the specimen directly after resection

Measured surface

Histopathology H&E section parallel 
to measured side

H&E section perpendicular 
to measured surface

Spatial correlation high low

Depth information low

2.2.1 | Tissue slices dataset

The procedure for data acquisition and histopathology correlation of the tissue slices 
was described in detail in references (12, 14). In short, we selected one tissue slice in 
consultation with the pathologist, which contained both healthy and tumor tissue, that 
we placed on rubber and imaged with both hyperspectral cameras. After the optical 
measurements, the measured surface of the tissue slice was processed in hematoxylin 
and eosin (H&E) stained sections and analyzed by a pathologist. Thereby, the whole 
measured surface of the tissue slice was annotated with four tissue classes: invasive 
carcinoma (IC), its potential precursor ductal carcinoma in situ (DCIS), connective 
tissue (including healthy glandular ducts), and adipose tissue. A distinction was made 
between all spectra with a tissue class annotation (‘mixed’ dataset) and spectra that 
only represent the optical properties of a single tissue type (‘pure’ dataset). The ‘pure’ 
spectra were obtained after removing spectra from the edges (1 mm distance) of each 
tissue class area in the annotated image. In the remainder of this paper, we will only use 
the ‘pure’ spectra of the tissue slices dataset.

2.2.2 | Lumpectomy specimen dataset

A flowchart of the data acquisition of the lumpectomy dataset is shown in Figure 3. The 
lumpectomy specimen was considered as a cube and the entire resection surface was 
divided into six resection sides. Our aim was to obtain a high correlation of the optical 
measurements with histopathology. Because this is difficult to achieve when imaging 
the entire resection surface, only one side was selected for the final analysis instead of 
the entire resection surface. Of the six resection sides, the nipple and peripheral sides 
were excluded as H&E sections will be taken parallel to the resection surface  at these 
sides and will not provide histopathological information on the margin width (13). To 

ablation knife (during surgery)cutted with metal knife (at the pathology department)

spherical shapedflatness as flat as possible
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1. Selection of resection side that is most 
likely to be tumor positive

• Data acquisition

• Data analysis

2. Margin assessment on selected resection 
side
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Figure 3. Flowchart of the data acquisition of the lumpectomy dataset.

select the side that was most likely to contain a tumor-positive margin and restrict the 
time required for all optical measurements, the remaining four sides were first imaged 
with the VIS camera alone and analyzed with the linear discriminant analysis (LDA) 
classification algorithm developed on tissue slices in our previous study (12). Second, 
the side on which the largest amount of tissue was classified as tumor was selected 
and imaged with both cameras. Third, up to four locations were marked with black 

test
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histopathology ink, which remains visible on the H&E sections under the microscope. 
To increase the chance of marking tumor positive locations, hyperspectral data was 
classified with an LDA classification algorithm developed on tissue slices (described in 
reference (12) and Section 2.3.3) and locations were marked on the specimen that were 
suspected to 1) be tumor positive (IC and/or DCIS), 2) contain connective tissue, or 3) 
be adipose tissue. Finally, the lump was scanned again with the VIS camera to retrieve 
the marked locations and the corresponding spectra on the hyperspectral image of the 
unmarked lump. All optical measurements, as well as selecting the resection side and 
marking locations, were performed within 25 minutes after resection. Afterward, the 
specimen was brought to histopathology and inked according to standard procedure 
using blue, yellow, red and green ink. Care was taken not to paint over the black ink. 
The specimen was sliced and the marked location(s) were indicated on an overview 
photo of the tissue slices. 

Between 3-7 days after surgery, the tissue slices were further processed to H&E 
sections and digitized using Aperio ScanScope AT2 (Leica Biosystems, Germany). The 
tissue up to 1 mm underneath the black marked locations on the resection margin was 
analyzed to obtain the percentage of IC, DCIS, connective tissue and adipose tissue 
underneath the marked locations. To annotate IC and DCIS on the H&E sections, we 
used delineations drawn by the pathologist. The remaining tissue was annotated as 
connective or adipose tissue by thresholding all RGB channels of the H&E section at 
90%: Connective tissue colors pink, and adipose tissue is washed away and therefore 
shows up white on the H&E image. 

In addition to obtaining the percentage of tissue in the H&E section, a location was 
labeled tumor-positive or tumor-negative. Since all measurements were performed 
in the Antoni van Leeuwenhoek hospital, the Dutch guidelines for resection margin 
assessment were used in this study (15). According to this guideline, a resection margin 
is tumor positive if malignant cells are found on the inked resection margin. In case of 
DCIS, this would lead to a re-operation. In case of IC, only a re-operation is required 
if more than 4 mm of the resection surface is affected. We aim to use hyperspectral 
imaging to reduce the number of patients that require a re-operation. Therefore, in this 
study, we focus on detecting the tumor positive margins that lead to a re-operation.

2.3 | Hyperspectral data analysis

In previous research of our group, classification algorithms were developed on tissue 
slices (11-13). Thereby, good classification results in discriminating tumor and healthy 
were obtained. We aim to apply these classification algorithms to the lumpectomy 
dataset. However, as shown in Table 2, there are differences between the tissue slices 



132

Chapter 6

dataset and the lumpectomy dataset. First, the flatness of the measured surface differs 
between the two datasets. On tissue slices, we showed that this has an influence on 
the measured spectrum that can be corrected for using a normalization method (12). 
Therefore, we investigated if the same method is applicable to the spherically shaped 
lumpectomy specimen (Section 2.3.1). Second, the sample thickness between the 
two datasets differs, which might have an effect on the measured diffuse reflectance 
spectra (11). We investigate if we should correct for these differences in sample 
thickness (Section 2.3.2). Finally, hyperspectral data was classified and discriminated 
using a machine learning approach (Section 2.3.3) and the spectral slope method 
(Section 2.3.4).

2.3.1 | Characteristics of the measured surface

Due to the oblique illumination in our measurement setup, the flatness of the tissue 
has an influence on the measured spectrum that is not related to the optical properties 
within the tissue (12). For the tissue slices, we showed that Standard Normal Variate 
(SNV) normalization can correct for these differences (12). With SNV each individual 
spectrum is normalized to a mean of zero and a standard deviation of one (16). 
However, because the slices are as flat as possible and the lumpectomy surface is 
spherically shaped, we need to determine if SNV can also correct for these differences 
in the spherically shaped lumpectomy samples. To do so, a lumpectomy specimen was 
measured twice and rotated 180° so that the tissue was illuminated from a different 
point of view. By matching these two images, the spectra of individual pixels could be 
compared. The SNV normalized diffuse reflectance spectra were compared using the 
spectral correlation measure (SCM) (17), which considers both brightness differences 
and shape differences between spectra. The SCM is given as

( ) 1 1 1

2 2
2 2

1 1 1 1

n n n

i j i j

i j
n n n n

i i j j

n s s s s
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n s s n s s
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,   (1)

where ( )i jSCM s s  is the SCM of the SNV normalized spectra obtained before (si) and after 
(sj) the specimen was rotated 180°. n is the number of wavelengths. An SCM of 0 and 
1 represent no correlation and the highest correlation between spectra, respectively. 

2.3.2 | Tissue thickness underneath the measured surface

The penetration depth of light varies with tissue composition and wavelength (10, 
11, 18, 19). In tissue with a thickness less than the penetration depth, some of the 
wavelengths can penetrate through the tissue and will be absorbed by the rubber or 
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polymethylene underneath the tissue. Therefore, less light will be diffusely reflected and 
collected by the camera. Since the thickness of the slices is less than the lumpectomy 
specimens, we expect spectral differences at wavelengths that penetrate the tissue 
deeper than the minimum tissue slice thickness. To accurately compare spectra from 
the tissue slices dataset and the lumpectomy dataset, these wavelengths should be 
excluded from analysis. 

To estimate the penetration depth, we used the optical properties from the 
lumpectomy measurements, which we estimated using an analytical fit model based 
on diffusion theory, given as (20)

( ) ( )

α
κκ α α

=
 + − + + − 
 

'
2

1 2 1 ' 1 3 1 '
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'
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. rd is the internal reflection coefficient for diffuse 

light and depends on the refractive index of the sample, which was set to be 1.33.  
'
sµ  and aµ  are respectively the scattering and absorption coefficients and and here 

represented as (21):
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where '
,800sµ  is the reduced scattering at 800 nm, b the scatter power and fmie the 

fraction Mie scattering with respect to Rayleigh scattering. ,a waterµ  and ,a lipidµ are 
the absorption coefficients of water and lipid, respectively, and [lipid] and [water] 
correspond to the concentration of lipid and water, respectively. WLυ  is the fraction of 
water and lipid in the tissue and assumed to be 100% in the near-infrared wavelength 
region and nearly 0% in the visual wavelength range.  bloodυ  and StO2 correspond to the 
blood volume fraction and the level of hemoglobin saturation by oxygen, respectively.  

,a Hbµ  and 
2,a HbOµ  are the absorption coefficients of hemoglobin and oxyhemoglobin, 

respectively, and R corresponds to the effective vessel radius. The measured spectra 
were fitted using a nonlinear least-squares fitting algorithm, and for each estimated 
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value, a 95% confidence interval was computed that was used to assess the reliability 
for each fit parameter. 

By applying the analytical fit model to the measured spectra on the lumpectomy 
specimens, we obtained the absorption and scattering coefficients that can be used to 
estimate the penetration depth, which is given by: 

( )'

1

3 s

eff
a a

d
µ µ µ

=
+

      (7)

The minimum thickness of the tissue slices is 2.5 mm (11). Therefore, by excluding 
wavelengths with a penetration depth above 2.5 mm, the spectra obtained on the tissue 
slices should be comparable to the spectra obtained on the lumpectomy specimens. 

2.3.3 | Tissue classification using a machine learning approach

The different machine learning approaches developed on the tissue slices dataset use 
the full wavelength range of the hyperspectral camera to distinguish tumorous tissue 
(IC and DCIS) from healthy tissue (connective and adipose tissue) (12, 13). The highest 
classification performance on the tissue slices dataset was obtained with LDA, trained 
using the full wavelength range (450-1650 nm): IC, DCIS, connective and adipose tissue 
were classified as tumor or healthy tissue in 99%, 95%, 95%, and 100% respectively 
(12). Therefore, we will apply LDA to the lumpectomy dataset. We expect that some 
wavelengths in the range of 450-1650 nm will have a penetration depth above 2.5 mm. 
As such, a new LDA algorithm will be developed using only the wavelengths with a 
penetration depth up to 2.5 mm. To allow for an accurate comparison between these 
two algorithms, the same training and test set of the tissue slices dataset were used. 
Subsequently, the new algorithm will be applied to the lumpectomy dataset. 

2.3.4. | Tissue discrimination using the spectral slope method

The spectral slope method uses only two wavelengths (1187 and 1207) in the NIR with 
an imaging depth up to 2 mm to discriminate tumor and healthy tissue based on the 
fat percentage in the tissue (11). Therefore, this method will be valid after excluding 
wavelengths with a penetration depth above 2.5 mm. In the tissue slices, the spectral 
slope of IC was significantly different from both healthy tissues and was on average 
higher than the spectral slope of both adipose (by 1.257) and connective tissue (by 
0.122) (11).

3 | Results

3.1 | Data description

Table 2 shows the patient and specimen characteristics in the slices and lumpectomy 
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dataset. Both patient groups have a similar age. The American College of Radiology 
(ACR) score, which reflects the breast density (1 = lowest density, 4 = highest density), 
is higher in the slices dataset. The obtained data varies between the two datasets. First, 
the slices dataset contains more measurements because spectra were obtained from 
the entire slice whereas for the lumpectomy dataset up to four locations, reflecting 
multiple spectra, were marked. Second, a limited number of IC and DCIS was measured 
in the lumpectomy dataset because of the limited amount of tumor-positive resection 
margins. Third, in the tissue slices dataset, we could make a selection between ‘pure’ 
and ‘mixed’ data based on the histopathological information obtained afterward. For 
the lumpectomy dataset, this was not possible as locations were marked immediately 
after the measurements without any information on the spatial distribution of the 
tissue types on the surface. 

In the lumpectomy dataset, we measured 110 locations in total. The majority was 
measured on connective tissue and adipose tissue (Table 2 and Figure 4a). Of eight 
locations, malignant tissue was found within 1 mm of the resection surface. Of the 
locations with IC, three locations contained invasive ductal carcinoma (IDC) and 
two locations contained invasive lobular carcinoma (ILC). Only for four malignant 
locations (bold font in Figure 4a) an extra operation was required according to the 

Table 2. Data description of tissue slices and lumpectomy specimens

2.46 ± 0.80

volume: 51 cm3 (6 - 240)
minimum thickness: 10 mm

Patient and specimen characteristics

Tissue slices dataset Lumpectomy dataset

Number of patients 42 52

Patient age (mean ± std) 55.8 ± 10.9 57.7 ± 10.4

Patient ACR (mean ± std) 2.81 ± 0.74

Specimen size (mean (range) surface: 15 cm2 (4 - 26)
thickness: 4.6 mm (2.5 - 8)

Specimens surface flatness as flat as possible spherical shaped

3 / 3

44b/ 33

Obtained data

Tissue type measurementsa spectra / # patients locations / # patients

IC 6,054 / 20 5 / 5

DCIS 320 / 8

Connective 1,180 / 15

Adipose 60,622 / 42 58b / 46

‘mixed’ dataPurity measurement ‘pure’ and ‘mixed’ data

Margin assessment No Yes
aTissue type according to histopathologic assessment of the corresponding H&E sections. For the lumpectomy specimens, the 
tissue type of the H&E section is 1) the tissue type most present within 1 mm of the black colored resection surface or 2) IC/DCIS if 
present.
bThree of these measurements contained exactly 50% connective and 50% adipose tissue. In this table, they were added to the 
number of tissue type measurements of connective tissue.
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Dutch guidelines (guidelines were described in Section 2.2.2). The corresponding H&E 
sections of these locations are shown in Figure 4b. None of these locations contained 
more than 80% malignant tissue. For the other two locations that contained IDC, the 
involved resection surface was less than 4 mm. For the two locations with DCIS, the 
specimen also contained IDC that did not reach up until the resection surface. In these 
two cases, only extra adjuvant therapy in the form of chemotherapy, hormonal therapy 
and/or radiotherapy was indicated instead of a re-operation. 

3.2 | Characteristics of the measured surface

Before comparing the tissue slices and lumpectomy datasets, the effect of the oblique 
illumination on the measured diffuse reflectance spectra needed to be corrected. 
SNV normalization proved to be a sufficient method to correct for this in lumpectomy 
specimens in areas of sufficient illumination (red spectra in Figure 5f ). Large differences 
between Figure 5a & b are observed, which are minimized after applying SNV 
normalization (Figure 5c & d). However, in areas of shadow (blue and green spectra 

110 locations

8 locations 41 locations 58 locations

contains malignant tissue >50% adipose>50% connective

3 locations:
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- 15%
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Figure 4. a) Overview of the histopathological information corresponding to the 110 measured locations. 
The bold numbers correspond to locations for which an extra operation was required due to the malignant 
tissue at the resection margin. The corresponding H&E sections of these points are shown in (b). The red 
and magenta lines in (b) are delineations of the pathologist that indicate the border of IDC/ILC and DCIS, 
respectively. For three locations, the marked location was retrieved on two H&E sections of neighboring 
tissue slices. The arrows represent a length of 1 mm underneath the resection surface. In (a): *Locations that 
contained malignant tissue over more than 4 mm on the resection surface. 

(b) H&E sections of malignant locations resulting in a re-opertaion
29% IDC

71% ILC

6% DCIS

79% ILC
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Figure 5. The effect of differences in illumination on diffuse reflectance spectra. The intensity of the diffuse 
reflectance images, shown here at 1283 nm, differs when the tissue is illuminated from (a) the top or (b) 
the bottom. The colored diffuse reflectance spectra (e) correspond to the position in the specimen (a & b) 
encircled with the same color. The intensity of the diffuse reflectance spectra is lower in areas of shadow 
(green and blue circles and spectra). After SNV normalization, the intensity of the SNV normalized images, 
shown here at 1283 nm, depends less on whether the tissue is illuminated from (c) the top or (d) the bottom. 
Except for locations that were selected in areas of shadows, (f ) the SNV normalized spectra does not depend 
on the exposure direction. 
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Figure 6. The spectral correlation measure (SCM) with respect to (a) the maximum difference between 
SNV normalized spectra taken with different illumination (diffmax), and (b) the minimum diffuse reflectance 
value, of the maximum values in the whole wavelength range of spectra taken with different illumination 
(spectramax). The dashed lines in (a) indicate a diffmax of 0.3 and the corresponding SCM of 0.995 and 0.992 
for NIR and VIS, respectively. In (b), the dashed lines indicate a SCM of 0.995 and 0.992 for NIR and VIS, 
respectively, and a corresponding spectramax of 15%. 

in Figure 5f ), the low illumination resulted in a diffuse reflectance spectrum with a 
low intensity that could not be corrected for by SNV normalization. We determined 
the minimum intensity a diffuse reflectance spectrum should have in order to be able 
to use SNV for normalization. Tissue spectra in Figure 5c were subtracted from tissue 
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spectra from Figure 5d and their maximum absolute difference was plotted against the 
SCM in Figure 6a. We allow a maximum absolute difference of 0.3, which corresponds 
to an SCM of 0.995 and 0.992 for NIR and VIS, respectively. Therefore, as shown in Figure 
6b, the maximum value of the diffuse reflectance should be at least above 15% (with 
Spectralon as a reference) for the spectra to be reliable after SNV normalization. Spectra 
that did not fulfill this criterion (for example the blue and green spectra in Figure 5f ) 
were excluded from further analysis. 

3.3 | Evaluating and optimizing the spectral comparison between tissue slices 
and lumpectomy datasets

Before we can apply the classification algorithms developed with the tissue slices dataset 
on the lumpectomy dataset, we evaluated if hyperspectral data obtained on the tissue 
slices and the lumpectomy specimens are similar. A comparison was made per tissue 
type. In this section, only a specific amount of spectra from both datasets were utilized 
to make an accurate comparison. For the tissue slices dataset, only ‘pure’ spectra were 
selected (as explained in Section 2.2.1). For the lumpectomy dataset, it was not possible 
to select ‘pure’ spectra. Therefore, only healthy measurements were selected of which 
the corresponding H&E section contained more than 90% of the specific tissue type. For 
IC, measurement locations were selected for which the malignancy measured caused a 
re-operation. The H&E section of these locations contained 29%, 71% and 79% IC. There 
was one location, with 6% DCIS in the H&E section, that resulted in a re-operation due 
to DCIS in the measurement volume. However, due to the low percentage of DCIS in 
the section, we did not compare this location with spectra from the slices dataset.

3.3.1 | Spectral comparison 

Figure 7 shows the average and standard deviation of the selected spectra in both 
datasets. SNV was applied to the spectrum obtained with the VIS and NIR camera 
individually. Therefore, the SNV normalized spectra do not connect. In one location 
(Figure 7a, 79% IC), the effects of cutting by cauterization were clearly visible in the 
H&E section. In comparison with the two other malignant locations, this correlated 
with a decrease in the mean spectrum between 600-650 nm. For all tissue types, large 
differences are observed between the slices tissue data and the lumpectomy data. The 
largest differences are present in the VIS wavelength range and in between 1000 and 
1150 nm in the NIR wavelength range. These differences might be related to the fact 
that the optical penetration depth in this wavelength region exceeds the thickness of 
the tissue slices. 

Based on the large spectral differences between the slice and lumpectomy data, 
we expect that classification algorithms developed on the slices dataset may exhibit a 
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Figure 7. Spectra of (a) IC, (b) connective ,and (c) adipose tissue obtained on the slices and the lumpectomy 
specimens.

lower performance on the lumpectomy dataset.  

3.3.2 | Tissue thickness underneath the measured surface

The minimum tissue thickness underneath the measured surface was 2.5 mm and > 
10 mm for the tissue slices dataset and the lumpectomy dataset, respectively. As such, 
we expect spectral differences at wavelengths that penetrate the tissue deeper than 
2.5 mm. As explained in Section 2.3.2, the penetration depth was estimated using the 
fitted optical properties of the selected diffuse reflectance spectra in the lumpectomy 
dataset. An example of a spectral measurement with the corresponding fitted curve is 
shown in Figure 8 for each tissue type. Table 3 shows the obtained optical fit parameters 
for all fitted spectra and their confidence intervals. A combination of fit parameters is 
expected to be representative for the tissue composition if the measured and fitted 
curves are similar and the confidence intervals are low. Therefore, fitted parameters of 
three connective measurements and one adipose measurement were not included in 
the estimation of the diffuse reflectance and penetration depth because the confidence 
interval of bmie was higher than the fitted value.  

With the obtained optical properties and equations 2-7, we estimated the diffuse 
reflectance (Figure 9a) and the penetration depth (Figure 9b) in breast tissue. There is a 
large difference in penetration depth between wavelengths. Especially between 684-
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Figure 8. The fitted (colored lines) and measured (black dotted lines) diffuse reflectance spectra for (a) IC, (b) 
connective, and (c) adipose tissue. The corresponding obtained fit parameters are shown in Table 3.



140

Chapter 6

Estimated diffuse reflectance(a)

Mean
Std.

Estimated penetration depth(b)

Mean
Std.

602
11871224

1379 1551

600 800 1000 1200 1400 1600
Wavelength (nm)

D
iff

us
e 

re
fle

ct
an

ce
 (%

)

80
70

60

50

40

30

20

10

0 600 800 1000 1200 1400 1600
Wavelength (nm)

Pe
ne

tr
at

io
n 

de
pt

h 
(m

m
)

12

10

8

6

4

2

0

Figure 9. The diffuse reflectance (a) and penetration depth (b) calculated using the estimated optical 
properties, shown in Table 3. Because the diffuse reflectance and penetration depth of light varies both with 
wavelength and tissue composition, there is a large standard deviation around the mean spectra. 

872 nm, 980-1142 nm, and around 1300 nm, the penetration depth is high with values 
above 5 mm. At these wavelengths, indeed spectral differences between the tissue 
slices dataset and lumpectomy dataset (Figure 7) are the largest. This confirms that 
penetration depth differences cause spectral differences between the two datasets.  

For an accurate spectral comparison between the slices and lumpectomy dataset, 
we set the maximum penetration depth that we allow to 2.5 mm. Thus, the number of 

Table 3. Estimated optical properties from lumpectomy measurements (fitted value ± confidence interval)

Tissue type
Scattering Absorption

'
,800sµ

IC 2.9 ± 0.9

IC 6.1 ± 12

IC 4.6 ± 1.3

Connective 24.9 ± 6.9

Connectivea 25.6 ± 14.8

Connectivea 5.4 ± 1.2

Connective 10.1 ± 1.8

Connectivea 11.0 ± 2.1

Adipose 15.0 ± 3.0

Adipose 6.1 ± 1.1

Adipose 10.2 ± 3.7

Adipose 10.9 ± 3.8

aThe fitted parameters of this measurement were not included in the estimation of the diffuse reflectance and penetration depth 
because the confidence interval of StO2 was higher than the fitted value. 

Percentage
in H&E
section

Adipose 11.1 ± 2.6

Adipose 5.7 ± 0.8

Adiposea 20.3 ± 13.4

29

71

78.5

98

92

93

93

91

95

96

94

92

92

92

92

Adipose 7.2 ± 1.193

fmie (%)

100 ± 14

100 ± 5

100 ± 9

100 ± 8

100 ± 73

100 ± 4

100 ± 4

100 ± 4

100 ± 6

100 ± 6

100 ± 19

100 ± 23

100 ± 10

100 ± 8

100 ± 70

100 ± 5

bmie

0.80 ± 0.76

0.40 ± 0.37

0.70 ± 0.64

0.82 ± 0.78

2.20 ± 2.33

0.20 ± 0.55

0.50 ± 0.46

0.35 ± 0.50

0.59 ± 0.53

0.54 ± 0.52

1.34 ± 1.09

1.49 ± 1.19

1.00 ± 0.68

0.45 ± 0.37

2.10 ± 2.28

0.54 ± 0.47

StO2 (%)

45 ± 6

55 ± 3

24 ± 6

93 ± 3

87 ± 8

33 ± 6

75 ± 3

70 ± 3

78 ± 3

64 ± 4

78 ± 6

75 ± 6

70 ± 4

73 ± 3

84 ± 10

71 ± 3

Blood (%)

8.1 ± 0.7

6.4 ± 1.0

5.6 ± 1.6

2.7 ± 1.0

4.8 ± 3.6

3.6 ± 1.2

1.5 ± 0.3

4.6 ± 2.9

4.9 ± 0.9

3.7 ± 0.6

4.4 ± 1.6

6.7 ± 2.4

3.4 ± 0.8

3.2 ± 2.6

8.6 ± 5.8

2.6 ± 0.4

Fat (%)

31 ± 12

36 ± 7

35 ± 11

34 ± 15

37 ± 24

17 ± 16

43 ± 8

5 ± 1

90 ± 3

89 ± 2

91 ± 5

84 ± 8

92 ± 2

91 ± 1

87 ± 10

92 ± 1

H2O (%)

69 ± 12

64 ± 7

65 ± 11

66 ± 15

63 ± 24

83 ± 16

57 ± 8

95 ± 1

10 ± 3

11 ± 2

9 ± 5

16 ± 8

9 ± 2

9 ± 1

13 ± 10

8 ± 1
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Figure 10. Spectra of IC (a), connective (b) and adipose (c) tissue obtained on the slices and the 
lumpectomy specimens after wavelength reduction. The gray areas represent the excluded wavelengths. 
SNV normalization was applied separately on the wavelengths obtained with the visual and wavelengths 
obtained with the near-infrared camera.

wavelengths for further analysis was reduced from 450-1650 (528 wavelength bands) 
to three wavelength ranges: 450-602 nm, 1187-1224 nm, and 1379-1551 nm (total of 
164 wavelength bands).

3.3.3 | Spectral comparison after wavelength reduction

By excluding wavelengths with a penetration depth higher than 2.5 mm, we expect a 
higher spectral comparison between the slices and lumpectomy data. Figure 10 shows 
the selected SNV normalized diffuse reflectance spectra after wavelength reduction. 
In comparison with Figure 7, indeed the spectra are more similar between the tissue 
slices dataset and the lumpectomy data. In the NIR (> 1176 nm), the spectra of the slices 
and lumps are most similar with an SCM of 1.00, 1.00 and 0.99 for IC, connective and 
adipose tissue, respectively. The maximum difference between the spectra was 0.31, 
0.11 and 0.31. In the VIS (< 602 nm), spectra from the slices dataset and the lumpectomy 
dataset deviate more with an SCM of 0.92, 0.93 and 0.98 for IC, connective and adipose, 
respectively, and a maximum spectral difference of 1.04, 0.70 and 0.42. In addition, 
for IC around 1200 nm, the shape of the lumpectomy spectra is steeper which would 
indicate that these spectra contain more fat. This corresponds with the fat percentage 
in the H&E sections: 19%, 9%, and 6%. 

 After wavelength reduction, the spectra of slices and lumpectomy data are 
more similar (Figure 7 versus Figure 10). Therefore, in the remainder of this paper, 
hyperspectral analysis will only be performed using wavelengths with a penetration 
depth up to 2.5 mm.

3.4 | Classification results on tissue slices after wavelength reduction using LDA

Table 4 shows the classification results using LDA and the tissue slices dataset before 
and after wavelength reduction. The classification results decreased for all three 
wavelength ranges after wavelength reduction: For the VIS wavelength range, the 
performance for tumor detection diminished from 95% to 56%, whereas for the NIR 

test
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wavelength range the tumor detection performance was similar (92% and 91%) and 
a strong decrease was seen in the performance for detecting connective tissue (79% 
to 35%). In case both the VIS and NIR wavelength ranges are used, the performance of 
both tumor and connective tissue detection were decreased from values above 94% 
to values of 80% and lower. For all wavelength ranges, only the detection of adipose 
tissue, with values higher than 94%, remained high after wavelength reduction. 

3.5 | Classification results on lumpectomy specimens

Both the spectral slope method and LDA were applied to all 110 locations in the 
lumpectomy data. The LDA algorithm performed the best when trained on the VIR + 
NIR wavelength. However, of the eight locations that contained malignant tissue, only 
two were classified as tumor tissue. This included the location that required an extra 
operation due to DCIS in the resection margin. The three other locations for which an 
extra operation was required were classified twice as connective (locations contained 
79% ILC and 29% IDC), and once as adipose tissue (location contained 71% ILC). Again, 
none of the malignant locations contained more than 80% malignant tissue. Figure 11 
shows the classification results of healthy tissue locations. The lower the fat percentage 
in the H&E section, the more locations were classified as connective tissue or IC and 
the higher the fat percentage, the higher the number of locations that were classified 
as adipose tissue. In other words, the classification performance was higher if a 
measurement was more ‘pure’. In addition, false positive tumor classifications occurred 
only when the fat percentage in the H&E section was lower than 50%.  

With the spectral slope method, shown in Figure 12, it is possible to estimate the 
fat percentage in the tissue. However, for a sufficient discrimination of the malignant 
locations from all healthy tissue, this method seems not valid as connective tissue also 
has a low fat percentage. Nevertheless, adipose tissue is the most occurring tissue 

after wavelength reduction

Table 4. Classification results before and after wavelength reduction: Recall for each tissue type

before wavelength reduction

VIS
450-950 nm)

Tumor 95%

IC 96%

DCIS 91%

Healthy 100%

Connective 97%

Adipose 100%
Recall: percentage of pixels that were correctly classified as either tumor or healthy tissue.

NIR
953-1650 (nm)

92%

92%

90%

99%

79%

100%

VIS + NIR
450-1650 nm)

99%

99%

95%

99%

94%

100%

VIS
(450-602 nm)

56%

56%

61%

91%

81%

94%

NIR
(1187-1224 nm & 

1379-1551 nm)

91%

90%

93%

84%

35%

97%

VIS + NIR
(450-602 nm & 

1187-1224 nm & 
1379-1551 nm)

79%

80%

77%

90%

68%

96%
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Spectral slope method vs fat percentage in H&E sections
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Figure 12. The fat percentage according to the spectral slope method versus the fat percentage according 
the H&E section. The values of the spectral slope method are highly correlated to the fat percentage in the 
H&E section with a Pearson’s correlation coefficient of -0.78 (0 and 1/-1 indicate no correlation and perfect 
linear correlation, respectively). However, for a sufficient discrimination of the malignant locations that 
required a re-operation from all healthy tissue, this method seems not valid as connective tissue also has a 
low fat percentage.
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Figure 11. The number of locations that are specified as a specific tissue type for all the locations that do not 
contain malignant tissue.

type in the resection surface of lumpectomy specimens. Therefore, the spectral slope 
method could be used to eliminate adipose tissue and detect areas that are most 
suspicious of being malignant tissue. An example is shown in Figure 13. By projecting 
the results of the spectral slope method over the specimen, areas that contain less fat, 
which could not be discriminated with the naked eye (Figure 13a), are easily visualized 
(Figure 13c & d). This feedback could, in theory, be given to the surgeon during surgery 
as hyperspectral imaging required less than 3 minutes to both image (1 minute) and 
analyze (2 minutes) the selected resection side. 
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4 | Discussion and Conclusion
Previous research of our group showed the potential of hyperspectral imaging to 
discriminate tumor from healthy tissue in fresh breast tissue slices (11, 12). By imaging 
tissue slices, an extensive reliable hyperspectral database was created with a high 
correlation with histopathology and enough measurements on both healthy and 
tumorous tissue to develop reliable classification algorithms. Because it is challenging 
to create an extensive reliable hyperspectral database on lumpectomy specimens, we 
investigated whether we could directly apply the classification algorithms developed on 
the tissue slices dataset to hyperspectral data obtained on the lumpectomy specimens. 
However, differences in the penetration depth of light and sample thickness of the tissue 
slices and lumpectomy dataset caused spectral variations between the two datasets. 
To correct for this, the number of wavelengths was reduced so that only wavelengths 
with a penetration depth less than the minimum sample thickness remained. With the 
remaining wavelengths, adipose tissue could be distinguished from malignant and 
connective tissue but making a differentiation between the malignant and connective 
tissue was more difficult.

The penetration depth of light varies both with wavelength and tissue composition. 
To estimate the penetration depth of light in breast tissue, we used the lumpectomy data 
and a model based on diffusion theory. This model assumes an optically homogeneous 
and infinite medium and extracts optical parameters from a measured diffuse 
reflectance spectrum. However, in the lumpectomy data that we measured, the breast 
tissue was inhomogeneous. Therefore, different wavelengths in one diffuse reflectance 
spectrum will reflect different measurement volumes with different optical properties. 
As the model assumes that the diffuse reflectance spectrum reflects a single set of 
optical properties, extracting optical properties from a spectrum reflecting multiple 

(a)
0

-1

-2
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(b) (c) (d)
low fat %

high fat %

low fat %

high fat %
Figure 13. Example of a lumpectomy specimen that (a) was measured, (b) the results of the spectral slope 
method and (c) the projection of this spectral slope method over the specimen. (d) By setting a threshold of 
the spectral slope method values at -1.1, areas that contain the least fat are easily visualized. The arrow in (d) 
indicates the measurement location for which malignant tissue was found in the corresponding H&E section.
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optical properties might be prone to errors. This explains why the fitted and measured 
spectra in Figure 7 did not completely overlap and why, for some parameters, the 
confidence intervals are relatively high. When the penetration depth is known, a fitting 
algorithm can be applied on separate wavelength ranges with a uniform measurement 
volume, reflecting a single set of optical properties (22). However, in the present work, 
the penetration depth was unknown. Therefore, we used fitted optical parameters to 
get an estimation of the penetration depth. 

By excluding wavelengths with penetration depth higher than 2.5 mm, spectra of 
the slices and lumpectomy datasets are more similar (Figure 7 versus Figure 10). The 
highest difference between the two datasets and the lowest SCM was observed in 
the VIS wavelength range. In this wavelength range, spectra are primarily shaped by 
(de)oxyhemoglobin. The difference between the two datasets can be related to the 
difference in time after resection when the specimens are measured: Lumpectomy 
specimens are measured immediately after resection whereas the tissue slices are first 
inked and sliced. This time delay might have an effect on blood volume fraction and StO2 
in the tissue as reported by Bydlon et al. (23). They determined that especially StO2 was 
an unreliable parameter due to excessive changes in oxygenated and deoxygenated 
hemoglobin post-excision. In their study, the blood volume fraction changed over 
time, but until 63 minutes after excision, these changes were less than the differences 
between positive malignant sites and connective or adipose tissue. 

Another explanation for the difference between the two datasets may be the 
difference in cutting the tissue by cauterization, which is used during surgery, or by 
using a regular knife, which is used for slicing the specimen. Bydlon et al. showed that 
there was a difference in the total blood volume in lumpectomy (cut with cauterization) 
and mastectomy (cut with a knife) specimens and they assumed that by cauterization 
of the vasculature, blood is prevented from draining out of the vessels (23). Spiethoff et 
al. reported on the effect of thermal coagulation on blood samples and found a change 
in shape in between 600-650 nm that was related to a decrease in oxyhemoglobin 
related features (24). A similar effect was observed in this study, as shown in Figure 7a. 
However, since this wavelength range was excluded after wavelength reduction, this 
effect of cauterization was expected to be minimal. In addition, in a study by Adank et 
al., the influence of cutting by coagulation on diffuse reflectance spectra in the NIR was 
small in muscle tissue and nonexistent in adipose tissue (25). Therefore, we expect a 
minimum effect in the NIR wavelength region. 

With the remaining wavelengths, it is possible to discriminate adipose tissue from 
the other tissue types on the tissue slices dataset but it was more challenging to 
distinguish connective tissue from malignant tissue. With the spectral slope method, 
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spectral slope values of IC have been reported to be 1.257 times higher than values of 
adipose tissue and only 0.122 times higher than values of connective tissue (11). With 
LDA classifier and limited wavelengths range, the performance for detecting adipose 
tissue was high (>94%) while the performance for detection of either tumor (56% using 
VIS), connective tissue (35% using NIR) or both tumor and connective tissue (79% and 
68%, respectively, using VIS + NIR) was low. These classification results on the slices 
dataset may not be good enough for accurate discrimination between tumor and 
connective tissue in clinical practice. This was confirmed with the lumpectomy dataset: 
only 1 of 4 malignant locations that required a re-operation were found with LDA. 

In the lumpectomy dataset, there were only a limited number of malignant 
locations in comparison with the number of healthy locations, resulting in a strongly 
imbalanced dataset. Of the 110 locations, in only eight locations malignant tissue 
was found within 1 mm of the resection surface. For only four of these locations, a re-
operation was required due to these malignancies. In this study, we aimed to obtain a 
high correlation of the optical lumpectomy measurements with histopathology and 
increase the likelihood of measuring both tumor and healthy tissue by selecting a 
resection side that was most likely to contain a tumor-positive margin. Nevertheless, it 
was still challenging to obtain a balanced dataset as the number of specimens with a 
tumor-positive margin remains limited. Before conclusions can be drawn based on the 
lumpectomy dataset, the number of malignant locations should be increased. This can 
be achieved, for example, by asking the surgeon to cut the resection specimen further 
after performing the standard procedure for breast-conserving surgery. Thereby, the 
surgeon would increase the number of tumor-positive margins that can be optically 
measured, without affecting the current clinical workflow and the clinical outcome for 
the patient.

Besides the limited amount of malignant locations in the lumpectomy dataset, none 
of the malignant locations contained more than 80% IC or DCIS in the corresponding 
H&E section. Therefore, in contrast to the slices dataset, the lumpectomy dataset 
contained no ‘pure’ tumor measurements. For example, in the H&E section of the 
location containing 79% ILC in Figure 4b, there is a rim of adipose tissue between 
the ILC border and the resection surface. This affects the measured spectrum and 
will increase the likelihood that this malignant location is classified as adipose tissue. 
In previous research, we showed that if a tumor covers more than 2 x 2 mm of the 
measured surface, pixels in the tumor were correctly classified in more than 93% (13). 
In the current research, we were not able to investigate what the minimum amount of 
tumor in the resection margin should be to enable detection because of the limited 
amount of malignant locations measured, and the perpendicular orientation of the 
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H&E section with respect to the resection surface. As this information is important 
for the use of hyperspectral imaging as a margin assessment technique, a new study 
should be performed to answer this question. Because it will be difficult to obtain 
enough reliable data experimentally, such a study might require simulated data using, 
for example, Monte Carlo simulations to simulate different concentrations of malignant 
tissue in the measured volume.  

The minimum amount of tumor underneath the resection surface that hyperspectral 
imaging should be able to detect according to the clinical guidelines determines 
the required sampling and penetration depth. In this study, our main goal was to 
investigate if we could translate our previous research on tissue slices to lumpectomy 
specimens. Therefore, we excluded wavelengths with a penetration depth higher 
than 2.5 mm because this was the minimum thickness of the tissue slices. However, 
wavelengths could also have been excluded so that the clinical guidelines for margin 
assessment would be met. These clinical guidelines differ per country and tumor type 
(26). For use in the Netherlands, this minimum volume is relatively large as the Dutch 
clinical guidelines for resection margin are the most liberal guidelines worldwide (26). 
However, in the USA a re-operation is required when there is ‘tumor on ink’ or if DCIS 
cells are found within 2 mm of the resection surface (27).

The dataset created on the lumpectomy specimens was not sufficient to develop 
reliable classification algorithms. Therefore, we aimed in this study to develop 
classification algorithms with the slices dataset and apply these on the lumpectomy 
specimens for classification. However, this approach proved to be insufficient for 
obtaining good classification results. To improve the classification results on the 
lumpectomy specimens, classification algorithms should be trained on lumpectomy 
data instead of slices data. By doing so, no wavelengths need to be removed to correct 
for sample thickness differences and the entire spectral range of our cameras, i.e. all 
wavelengths, can be used for creating algorithms. To satisfy the clinical guidelines 
for resection margin assessment and reduce the influence of wavelengths that 
penetrate deeper than the required tumor-free margin width, applying a penetration 
depth depended weight factor to all wavelengths might offer a solution. Thereby, 
the higher the penetration depth of a wavelength, the less that wavelength will be 
taken into account in the creation of the algorithm. In addition, besides the currently 
used histopathology labels, it might be helpful to use extra labels on the distance of a 
malignancy to the resection surface in the development of classification algorithms. 
Especially when more advanced machine learning techniques like deep learning will 
be used.  

Nevertheless, we showed that hyperspectral imaging could discriminate tissue with 
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a high fat percentage from tissue with a low fat percentage. In addition, hyperspectral 
imaging can image and analyze the whole resection margin in a limited amount of 
time. Therefore, areas that are suspected to be tumor (and contain less fat) could be 
easily visualized during surgery. 

In summary, we evaluated the feasibility of hyperspectral imaging as an intraoperative 
margin assessment technique by applying classification algorithms developed on 
tissue slices to hyperspectral data obtained on the resection surface of lumpectomy 
specimens. After wavelength reduction to limit the sampling depth, adipose tissue 
could be clearly discriminated from other tissue types but differentiating malignant 
from connective tissue was more challenging. For improved discrimination between 
malignant and connective tissue, classification algorithms should be adapted and 
trained on lumpectomy data. Nevertheless, as breast tissue mainly consists of adipose 
tissue and data acquisition and analysis was fast, hyperspectral imaging was able to 
indicate areas that are suspected to be tumor-positive. This feedback can be provided 
in near real-time to the surgeon during the initial operation. 
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In this thesis, we report, to the best of our knowledge, for the first time on the advantages 
and challenges of using hyperspectral imaging as a margin assessment technique 
during breast-conserving surgery. As such, we made an essential contribution to our 
long-term goal of providing direct diagnostic feedback on the resection margin of 
breast specimens with hyperspectral imaging so that any residual malignant tissue can 
be excised during the initial operation. 

In this general discussion, we elaborate on the focus points of this thesis: 1) obtaining 
a high correlation of our optical measurements with histopathology, 2) obtaining 
information on the optical imaging resolution and imaging depth of hyperspectral 
imaging, 3) developing and optimizing algorithms for hyperspectral data analysis, and 
4) examining the feasibility of intraoperative margin assessment. Next, we compare 
hyperspectral imaging with margin assessment techniques that are currently available 
or approved by the FDA. Finally, we summarize the main advantages and challenges 
of hyperspectral imaging as a margin assessment technique in the conclusions and 
outlook. 

1 | Histopathologic margin assessment as gold standard
One of the focus points of this thesis was to obtain a high correlation of optical 
measurements with histopathology so that a reliable dataset was created that could 
be used to test the full potential of hyperspectral imaging as a margin assessment 
technique. To obtain a high correlation, we addressed a few issues like 1) the large 
deformation of breast tissue, 2) the differences in histopathologic and optical resolution 
and 3) the two-dimensional and three-dimensional character of the H&E section and 
hyperspectral measurements, respectively.

1.1 | Tissue deformation

The large deformation of the tissue occurring between the optical measurements and 
histopathologic margin assessment is a known challenge in the validation of optical 
techniques. Nevertheless, limited research was available that addressed this issue (1-3). 
To optimize this correlation, we started our research with imaging breast tissue slices, 
which were obtained after gross-sectioning of the resection specimen. Of these tissue 
slices, an H&E stained section, parallel to the optically measured surface, was obtained. 
One of the major advantages of this approach was that the H&E section was obtained 
from the whole measured surface, which made it easier to register the section to the 
tissue as it was optically measured. For an accurate registration, we developed a method 
that registers the H&E sections to white light images that were taken simultaneously 
to the optical measurements (Chapter 2). Our registration method consists of an 
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affine and deformable registration that accounts for tissue deformations. Thereby, the 
correlation of optical measurements and histopathology improved substantially in 
comparison to a simple affine registration method that only uses the shape of the tissue 
for registration. By using our registration method, we were able to accurately annotate 
the entire hyperspectral image with a tissue type. As such, an extensive hyperspectral 
database was obtained that was highly correlated with histopathology.

1.2 | Histopathologic and optical resolution

However, even though the spatial correlation between the H&E section and the optical 
measurements improved by using the method described above, there is a difference 
in resolution between histopathology and hyperspectral imaging. A pathologist 
analyzes the tissue with a high microscopic resolution and can distinguish small 
cellular structures in the order of 0.1 mm whereas hyperspectral imaging relies mainly 
on diffuse light with a sampling volume in the order of mm3-cm3. Therefore, in case of 
structures smaller than the sampling volume, like small areas of ductal carcinoma in situ 
(DCIS) or connective tissue, hyperspectral imaging measures a mixture of tissue types. 
We showed that at the borders of a tissue pocket, where the optical measurement 
reflects a mixture of tissue types, the classification accuracy decreased (Chapter 3 & 4). 
In Chapter 4, we dealt with this by making a clear distinction between all pixels with 
a histopathologic label (‘ALL’ dataset; All histopathoLogy Labels) and pixels of which 
we were certain about the histopathologic label (‘RIGHT’ dataset; ReLiable Ground 
trutH annoTations). The RIGHT dataset was, amongst others, obtained after removing 
the edges of each tissue class area at a distance of 1 mm from the edge. Thereby, 
measurements reflecting a mixture of tissue types were excluded. Classification 
models will be negatively affected by incorrect histopathology annotations of the 
hyperspectral data. Therefore, classification algorithms incorporating only the spectral 
hyperspectral information were trained with the RIGHT dataset. The classification 
performance was tested on both the ALL and RIGHT dataset and was the highest on 
the RIGHT dataset. For the long-term goal of this thesis, assessing resection margins of 
lumpectomy specimens, tumor-positive resection margins are more likely to be caused 
by a mixture of tumor and healthy tissue and therefore will not resemble the RIGHT 
dataset. However, with the RIGHT dataset, we were able to show that the maximum 
capability of hyperspectral imaging to differentiate tumor from healthy tissue is high, 
with a sensitivity and specificity above 98%.

1.3 | Two-dimensional H&E sections

A third issue in using histopathology as ground truth for hyperspectral imaging is that 
the H&E section still only reflects a two-dimensional layer of the whole tissue slice. In 
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comparison, hyperspectral imaging measures a three-dimensional volume up until a 
certain depth below the surface. This depth ranges from 1 to 10 mm and depends on 
the tissue composition and the wavelength. Therefore, histopathology information 
only represents a fraction of the tissue that is measured with the hyperspectral camera. 
To add a third dimension to the histopathologic information, methods like 3D histology 
can be helpful (4, 5). Unfortunately, as we used human material that was processed for 
diagnostic purposes, we were not able to implement this approach in our research. 
Another solution could be to add three-dimensional imaging techniques like MRI or 
micro-computer tomopgraphy (µCT) as additional information to the two-dimensional 
H&E section. However, besides the fact that novel optical techniques need to be 
benchmarked against the gold standard and not against MRI and µCT, these imaging 
techniques do not provide the same information as histopathology. In this thesis, we 
were not able to add a third dimension to the histopathologic information. Nevertheless, 
we expect that tissue class variations with depth are the highest at the edges of a tissue 
class area. Therefore, by removing the edges of each tissue class area at a distance of 1 
mm from the edge, we reduced the likelihood that tissue at the surface differs from the 
tissue underneath the surface.   

1.4 | Histopathologic correlation with lumpectomy specimen

Even though our research started with imaging breast tissue slices so that a high 
correlation with histopathology could be obtained, our final aim was to image the 
resection margins during surgery. Therefore, we imaged lumpectomy specimen. In 
comparison with the tissue slices, obtaining a good correlation with histopathology 
was much more challenging for two reasons. First, H&E sections are obtained 
perpendicular to the measured surface, which hampers an accurate spatial correlation 
with the optical measurements. Second, the tissue deforms in the pathological 
processing of the tissue, which makes it impossible to retrieve the exact position of 
the resection surface in the H&E section on the optically measured resection surface. 
Therefore, in Chapter 3, we focused only on confirming tumor-positive margins found 
on the available H&E sections. In total, we found 20 areas with a malignancy within 2 
mm from the resection surface. Hyperspectral analysis confirmed 19 of these areas. 
However, because we only focused on finding tumor-positive margins, we were not 
able to determine the specificity of the hyperspectral analysis. In Chapter 6, we solved 
this problem by marking locations on the resection surface with black ink. By imaging 
the lumpectomy specimen before and after applying the ink, we could retrieve the 
marked locations and the corresponding spectra on the hyperspectral image of the 
unmarked lumpectomy specimen. Since the black ink remains visible on the H&E 
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section under the microscope, this allowed us to directly correlate our hyperspectral 
measurements with histopathology. We marked both areas that were suspected to 
be tumor-positive and areas that were suspected to be tumor-negatieve. As such, we 
obtained hyperspectral measurements on the lumpectomy specimen that reflected 
both healthy and malignant tissue. With this approach, both the sensitivity and the 
specificity of hyperspectral imaging on lumpectomy specimens can be determined. 

Currently, histopathologic assessment is still the gold standard for resection margin 
assessment. However, besides the fact that this technique is time-consuming, the 
technique might suffer from other disadvantages that can have an influence on the 
validation of hyperspectral imaging as a margin assessment technique. For example, 
aspects such as intra- and inter-observer variation might result in different labels to 
the optical measurements and due to under-sampling of the resection specimen, 
tumor-positive resection margins might be missed with histopathologic assessment 
and found with hyperspectral imaging (6-13). By using histopathology as ground truth, 
hyperspectral imaging will never be better than histopathologic margin assessment. 
Nevertheless, since hyperspectral imaging is a relatively new modality in the medical 
field and its value for resection margin assessment during breast-conserving surgery 
has not been investigated before, histopathology was still used as the gold standard in 
this thesis. Once hyperspectral imaging is established as a robust technique for tumor 
detection, the true potential of hyperspectral imaging as margin assessment technique 
should be evaluated using different end-goals, such as the number of positive margins 
and required additional treatment such as the number of re-operations.

2 | Optical imaging resolution of hyperspectral imaging

A successful margin assessment technique should be able to assess the resection 
margin according to the applicable clinical guidelines. Therefore, it is important to gain 
knowledge of the optical imaging resolution of hyperspectral imaging. First, what is 
the amount of tissue underneath the resection surface that is analyzed, and second, 
what size should a tumor pocket be so that it can be detected. This optical imaging 
resolution is dependent upon the penetration depth of light in tissue; when the 
penetration depth increases, the imaging depth of hyperspectral imaging increases 
and the tissue volume that is measured increases. As a result, the minimum tissue 
pocket that can be detected will be larger. In Chapter 5, we showed that the imaging 
depth of hyperspectral imaging varies with wavelength and tissue composition from 
1 mm up to 10 mm. In case inhomogeneous tissue like breast tissue is measured, 
one wavelength in a measured spectrum might sample a different tissue volume 
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than another wavelength in the same spectrum. Therefore, this spectrum represents 
different optical properties originating from different tissue volumes.

2.1 | Pocket size

We approximated the minimum tissue pocket size that can be detected in Chapter 3 
using tissue slices. We showed that spectra in tumor pockets at the measured surface 
larger than 2 x 2 mm were correctly classified in more than 93%. Therefore, we can 
assume that if more than 2 x 2 mm of the specimen’s surface is involved with tumor, the 
malignancy will be detected in more than 93%. However, this result did not provide us 
with any information on the amount of tumor required in a three-dimensional volume. 
For example, if we could also detect tumorous tissue that affects the resection surface 
less than 2 x 2 mm because only a part of the tumor reaches up until the resection 
surface. In this thesis, we were not able to obtain enough data to research this (Chapter 
6). For future research, it will be difficult to obtain reliable experimental data to examine 
this. First, the corresponding histopathologic information will still only reflect a two-
dimensional layer, perpendicular to the resection surface. Second, it will be difficult to 
measure enough locations that contain tumor with various amounts of tumor in the 
sampling volume. As such, we suggest performing a new study based on simulations of 
different concentrations of malignant tissue in the measured volume. In such a study, 
Monte Carlo simulations can be used to estimate the minimum tissue pockets size that 
can be detected with hyperspectral imaging. 

In conclusion, if more than 2 x 2 mm of the specimen’s surface is involved with tumor, 
the malignancy can be detected in more than 93%. Further research is required to draw 
conclusions towards the amount of tumor required in a three-dimensional volume. 

2.2 | Imaging depth

By limiting the imaging depth, we minimize the measured tissue volume and increase the 
optical imaging resolution. In Chapter 5, we limited the imaging depth of hyperspectral 
imaging by selecting two wavelengths that penetrate the tissue with a specific depth 
of two mm. For this, we used the spectral slope of the diffuse reflectance spectrum at 
wavelength regions where the imaging depth in tumor and healthy tissue is equal. 
With this method, we were able to discriminate tumor from healthy tissue based upon 
the amount of fat in the tissue with a fixed sampling depth. Based on diffusion theory, 
three wavelength regions were suitable for this method: around 920 nm, around 1200 
nm, and around 1700 nm, which correspond to a light penetration depth in breast 
tissue up to approximately 6.5, 2 and 1 mm, respectively. The wavelength region around 
920 nm was excluded from further analysis because the penetration depth was much 
higher than the maximum preferred tumor-free margin width of 2 mm (for DCIS) (14). 



159

General discussion

7

In addition, the method could not be tested for the wavelength region around 1700 
nm because these wavelengths were beyond the spectral range of our hyperspectral 
cameras. As such, we tested the approach using the spectral slope at 1197 nm, which 
corresponds to a fixed sampling depth of 2 mm. On tissue slices, we showed that the 
spectral slope of invasive carcinoma was on average higher than the spectral slope of 
both connective (by 0.122) and adipose tissue (by 1.257). This indicates that invasive 
carcinoma contains less fat than the two healthy tissue types and that tumor can be 
discriminated from healthy breast tissue while imaging up to a limited imaging depth 
of 2 mm.  

2.3 | Sample thickness

In this thesis, tissues were always placed upon either rubber or polymethylene, which 
strongly absorbs light in the wavelength range of our cameras. In case the sample 
thickness was less than the imaging depth, the light was partly absorbed by the 
material underneath the tissue, and less light was diffusely reflected and collected by 
the camera (Chapter 5). As such, the imaging depth of hyperspectral imaging and the 
sample thickness proved to be important in the translation from thinner tissue slices to 
thicker lumpectomy specimen, as discussed in Chapter 6. To be able to use the extensive 
database on the tissue slices to develop an algorithm that can be applied to the 
lumpectomy dataset, we excluded wavelengths with a penetration depth larger than 
the minimum thickness of the tissue slices. Thereby, only 164 of 528 wavelength bands 
remained. After wavelength reduction, the spectra of slices and lumpectomy data were 
indeed more similar. This confirms that the thickness of the measured tissue sample is 
affecting the obtained diffuse reflectance spectra, and emphasizes the importance of 
accounting for the sample thickness variations in developing or applying hyperspectral 
classification algorithms. 

3 | Hyperspectral data analysis
A successful intraoperative margin assessment technique should be able to provide 
margin assessment without the need for an experienced operator or interpreter of 
the results. In this thesis, hyperspectral data was analyzed using both an analytical 
approach that uses prior knowledge to estimate the tissue composition, and a machine 
learning approach that uses experimental data to develop classification algorithms. 
As part of the hyperspectral data analysis, we investigated the optimal spectral range 
of hyperspectral data to discriminate tumor from healthy tissue, and the value of 
combining spectral and spatial information. All our initial data analysis was performed 
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on tissue slices because of the good correlation with histopathology and the sufficient 
amount of both tumor and healthy measurements. In Chapter 6, we made the step to 
imaging lumpectomy specimens so that feedback can be given during surgery. 

3.1 | Analytical approach versus machine learning

Both approaches have advantages and disadvantages. One of the major advantages 
of an analytical approach is that it is easy to interpret the result and that they are often 
correlated to clinical details. For example, the spectral slope method, described in 
Chapter 5, gives an approximation of the amount of fat in the tissue, which can be used 
to discriminate tumor from healthy tissue. However, even though previous research 
showed that the amount of fat in the tissue is an excellent discriminator between 
healthy and tumorous tissue (15-22), and the spectral slopes of invasive carcinoma and 
connective tissue were significantly different, the difference was minimal (Chapter 5 
& 6). As such, a more complex analytical approach might be needed. A disadvantage 
of an analytical approach is that not all problems have a known analytical solution, 
or that the model is based upon certain assumptions that cannot be met in real-life. 
For example, the analytical fit model based on diffusion theory used in Chapters 2, 5 
and 6 assumes that the measured tissue is semi-infinite and homogeneous. Therefore, 
the model can accurately describe a spectrum measured on homogeneous Intralipid 
(Chapter 5), whereas for spectra measured on highly inhomogeneous breast tissue the 
model is less accurate (Chapter 6). As such, the analytical fit model was insufficient for 
resection margin assessment in breast tissue.

When analytical approaches are insufficient, a machine learning approach might 
offer a solution. There are a few matters that need to be considered when developing 
a machine learning algorithm. One is overfitting of the data, which means that 
classification algorithms developed are too generic for the training data. To prevent 
and detect this, we used methods like cross-validation and always divided the data in 
a training and test set and verified if the classification results on both datasets were 
similar. Second, in order to obtain a reliable machine learning algorithm, the training 
data should be representative of reality. Even though it is difficult to determine an exact 
threshold, the likelihood that the data is representative of reality increases with a larger 
amount of data. For example, the dataset obtained on the lumpectomy specimens 
was too small for the development of reliable classification algorithms. The dataset 
contained only 110 measurement locations, of which only four tumor measurements 
that required a re-operation. Third, when using supervised learning, the ground truth 
used should be reliable and representative of the measured data. Fourth, machine 
learning can only be as good as the data used for training. Therefore, we took extra care 
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to preprocess the raw spectra to diffuse reflectance spectra and eliminate unreliable 
pixels that, for example, were over-illuminated or contaminated with pathology ink. 

When considering the matters mentioned above, a machine learning approach 
might be able to perform better in discriminating different tissue types in breast tissue 
than the previous mentioned analytical approaches. 

3.1.1 | Normalization

As part of the preprocessing of the hyperspectral data, we needed to correct for an 
issue that was related to the oblique illumination of our imaging setup and the nonflat 
surface of the tissue. First, this might cause uneven illumination of the tissue, like 
brighter areas and areas of shadow, which has a direct effect on the measured diffuse 
reflectance spectra, as shown in Chapter 6. Second, when the light is incident on 
a surface, part of the light will be reflected by the surface of the tissue at an angle 
equal to the incident light (called specular reflection). However, if the surface is rough, 
this light will be reflected back by the rough surface at different angles. Thereby, the 
reflected light becomes diffuse. Since this light did not travel through the tissue, it 
is not characteristic for the optical properties within the tissue, like absorption and 
scattering, and therefore different from the diffuse reflectance that we aim to measure 
in this thesis. Unfortunately, this ‘surface diffuse reflectance’ has a substantial effect 
on the measured spectra, which can be approximated as a baseline shift. As shown in 
Chapters 3, 4 and 6, we corrected for these spectral variations by normalizing the data 
with standard normal variate (SNV) by normalizing each spectrum to a mean of zero 
and a standard deviation of one. 

As a result, the mean reflectance intensity of spectra cannot be used to discriminate 
tissue types. In addition, by applying SNV, optical information like some of the scattering 
properties of the tissue might be removed from the spectra. As Nachabé et al. and 
Bydlon et al. showed that scattering might be helpful in discriminating connective from 
invasive carcinoma, valuable information might be lost by using SNV normalization 
(19, 23). Van Ginneken et al. and Lin et al. described a method to separate diffuse and 
specular reflectance in models with isotropic rough surfaces (24, 25). By implementing 
methods like these, the classification results in distinguishing connective tissue from 
tumor might improve. 

3.2 | Spectral range

Based on previous research, the amount of water and fat in the tissue was one of the 
main optical differences between tumor and healthy breast tissue (15-22). Therefore, 
we started our research by imaging tissue slices with a hyperspectral camera that 
only operates in the near-infrared wavelength region, where water and fat are the 
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main chromophores. We showed in Chapter 3 that this wavelength range allowed for 
good discrimination between tumor and adipose tissue, but that connective tissue 
was classified as healthy tissue in only 70% of the cases. This is in correspondence 
with the results shown in Chapter 5, where tissue types were discriminated based on 
the amount of fat in the tissue; adipose tissue was easily discriminated from invasive 
carcinoma, but the difference between invasive carcinoma and connective tissue was 
less. It is difficult to compare these results with previous literature because, in most 
research, connective and adipose tissue are grouped under the class ‘healthy tissue’ 
instead of making a differentiation. In only a few studies, a differentiation is made 
within the healthy tissue class. In a study of Nachabe et al., invasive carcinoma was 
reported to have a lower water content than connective tissue, which would indicate 
that the near-infrared wavelength range would be sufficient for accurate discrimination 
(19). However, other studies report that also the visual wavelength range is required 
for sufficient discrimination between connective and tumorous tissue. By including 
the visual wavelength range, spectral differences due to beta-carotene and blood 
specific chromophores like hemoglobin and oxyhemoglobin can be measured. Zhu et 
al. showed that between connective and malignant tissue, the hemoglobin saturation 
is significantly different (26), and de Boer et al. and Evers et al. showed significant 
variations within all tissue classes in the total hemoglobin concentration (27, 28). 

In Chapter 4, we imaged tissue slices with two cameras; one that operates in the near-
infrared wavelength range and one that operates in the visual wavelength range. We 
showed that by adding a visual camera, the classification results improved substantially, 
especially for connective tissue (from 79% to 94%). However, care should be taken 
when including the visual wavelength range for data analysis as excessive changes in 
oxygenated and deoxygenated hemoglobin post-excision might make classification 
algorithms less reliable (23). In Chapter 6, we showed that at this wavelength range 
the highest differences were observed between the tissue slices and the lumpectomy 
specimens. This can be explained by a difference in the amount of time between the 
resection of the tissue and the optical measurements. The lumpectomy specimens were 
imaged immediately after resection, whereas the tissue slices were only imaged after 
being inked and sliced. When including the visual wavelength range, which is proven 
to be important to obtain good classification results, the amount of time between 
tissue resection and optical measurements should be taken into account. 

By using both the visual and near-infrared wavelength range, a high classification 
performance on tissue slices was obtained. On the RIGHT dataset, we report a sensitivity 
and specificity above 98%. Based on these results, we can conclude that optical 
differences in tissue composition and morphology are distinctive between tumorous 
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and healthy tissue when using this wavelength range. In Chapter 6, we imaged the 
resection surface of lumpectomy specimens with the visual and near-infrared camera. 
We aimed to apply the classification algorithm developed on the tissue slices dataset 
to the lumpectomy dataset. However, the tissue slices were thinner (minimum 2.5 mm) 
than the lumpectomy specimens (>10 mm). Because the thickness of the measured 
tissue sample affects the obtained diffuse reflectance spectra, we needed to exclude 
wavelengths that penetrate deeper than the minimum tissue slice thickness. Thereby, 
the number of wavelength bands was reduced from 528 to 164, and only parts of the 
visual and near-infrared spectral range remained. With the 164 remaining wavelength 
bands, a new classification algorithm was developed on the tissue slices dataset. 
However, after wavelength reduction, the classification performance decreased 
substantially. Prior to wavelength reduction, a sensitivity and specificity above 98% 
were obtained. After wavelength reduction, the sensitivity was decreased to 79% and 
the specificity to 90%. This indicates that the removed wavelengths were important 
to obtain good classification results. To improve the classification results on the 
lumpectomy specimens, classification algorithms should be trained on lumpectomy 
data instead of on the thinner tissue slices, so that all wavelengths can be included. To 
reduce the influence of wavelengths that penetrated deeper than the required tumor-
free margin width, a penetration depth depended weight factor can be applied to all 
wavelengths. 

3.3 | Spatial information

Besides spectral information, the hyperspectral image also contains spatial information, 
which might be of added value when discriminating tissue types. In Chapter 5, we 
compared a spectral classification algorithm with an algorithm that combines both 
spectral and spatial information. We showed that on pixels that represented a single 
tissue type, the so-called RIGHT pixels, the classification results did not improve after 
adding spatial information. For the so-called ALL pixels, which included also pixels 
located at tissue boundaries, the classification performance increased slightly after 
adding spatial information, but mostly the capability to differentiate different tissue 
classes within the malignant and healthy classes improved. This can be explained by 
the fact that in the training set of the spectral-spatial classification algorithm, also pixels 
were included that represent a mixture of different tissue types but were labeled with a 
single tissue class. This increases the likelihood that a pixel in the test set, representing 
the same mixture of different tissue types, will be classified with the same single tissue 
class. This effect was especially noticeable for smaller branches of connective tissue, 
surrounded by adipose tissue. 
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In the sensors of the hyperspectral cameras used in this study, each pixel was rather 
large with 0.5 mm and 0.16 mm when imaged with the near-infrared and the visual 
camera, respectively. Increasing the resolution of the hyperspectral sensor might have 
an effect on the classification results (29). First, when more pixels will be assigned to 
the RIGHT dataset the overall classification result improves. Second, spectral-spatial 
classification algorithms will be provided with more spatial information, which could 
improve the detection of smaller structures. However, besides the resolution of the 
hyperspectral sensor, the classification results will also depend upon two other aspects. 
The optical imaging resolution, which is dependent upon the penetration depth 
of light in the tissue (Section 2 in the general discussion), and the correlation with 
histopathology (Section 1 in the general discussion). Until both the optical imaging 
resolution and the correlation with histopathology have improved, we do not expect 
a large improvement of the classification results by increasing the resolution of the 
hyperspectral sensors. 

3.4 | Data input and ground truth labels

In this thesis, we only used supervised learning. This means that both the measured 
data and the corresponding histopathology labels are required for the development 
of classification algorithms. We labeled each pixel with one of the four defined tissue 
classes; invasive carcinoma, its potential precursor DCIS, connective tissue (including 
healthy glandular tissue) and adipose tissue. The ratio between connective and 
adipose tissue in healthy breast varies between patients and is described by the 
American College of Radiology (ACR) score, which goes from score 1 (contains mainly 
adipose tissue) to score 4 (contains extremely dense connective tissue) (30). Also, 
within a patient, areas of high density (containing 30% adipose tissue) and low density 
(containing 81% adipose tissue) can be found (31).  Clinically, differentiating connective 
tissue and adipose tissue is not relevant as both tissue types are healthy tissue classes 
and do not need to be excised. However, as adipose tissue and connective tissue are 
spectrally different, and the spectral similarity between connective and malignant 
tissue is the highest, the results on classifying connective tissue as healthy tissue 
improved substantially by making this differentiation. In other words, the likelihood 
that connective tissue is classified as malignant tissue, which needs to be removed, 
will decrease when allowing the algorithm to differentiate between connective and 
adipose tissue . 

To develop reliable classification algorithms, we aimed to use only spectra of which we 
were certain about the histopathologic label (the RIGHT dataset). As such, we removed, 
amongst others, pixels at tissue class borders. With this dataset, we were able to 
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determine the maximum capability of hyperspectral imaging to differentiate malignant 
tissue types from healthy tissue types. In Chapter 4, we analyzed hyperspectral data 
obtained on tissue slices and report on a sensitivity and specificity higher than 98% 
on the RIGHT dataset. However, in the same chapter, we showed that the performance 
metrics on all spectra with a histopathologic label (the ALL dataset) was much lower 
(sensitivity/specificity is 80% / 93%). This dataset included, besides the spectra from 
the RIGHT dataset, also spectra at the tissue class borders that represent a mixture of 
tissue classes. In Chapter 6, we analyzed hyperspectral data obtained on lumpectomy 
specimens. We showed that, in the corresponding H&E sections, only a limited number 
of healthy locations (in connective 5 of 41; in adipose 8 of 58) contained more than 90% 
of one tissue type, and none of the malignant locations contained more than 80% IC or 
DCIS. In addition, malignancies did not necessarily reach up until the resection surface. 
In the development of the classification algorithms, we only used a single tissue class as 
ground truth labels. For the classification of hyperspectral data representing a mixture 
of tissue classes, these single tissue class ground truth labels might be insufficient. To 
improve the classification results on the ALL dataset and the lumpectomy dataset, it 
can be beneficial to add labels to the current histopathologic labels. These labels could, 
for example, provide information on the distance of a malignancy to the resection 
surface or the percentage of each tissue type in the measured volume.  

4 | The time required for intraoperative margin assessment 
with hyperspectral imaging
To allow intraoperative margin assessment, hyperspectral imaging should be able to 
analyze the whole resection surface within a limited amount of time. In this thesis, 
we used two experimental push-broom hyperspectral cameras that collect the 
hyperspectral image by moving the imaged scene. The time required to image both 
the tissue sample (12.5 cm x 18 cm) and the two reference images was one minute 
(40 seconds for near-infrared, 20 seconds for visual). This allows data collection during 
surgery. In Chapter 6, we showed that feedback over the entire resection surface of 
one side of the specimen can be given within 3 minutes. Even though this is much 
faster than other resection margin techniques like frozen section analysis and imprint 
cytology (32), there are still a number of improvements that could be made to speed 
up to process. 

First, the experimental setup can be improved by combining both wavelength 
regions in a single camera instead of using two hyperspectral cameras.  Second, with the 
two hyperspectral cameras, we obtain 640 wavelength bands. However, not all of these 
wavelength bands might be needed for sufficient classification results. Reducing the 
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number of wavelength bands offers possibilities for designing a faster imaging system, 
like a multispectral camera. Third, prior to imaging of the tissue sample, the standard 
procedure is to acquire two reference images. However, since the temperature of the 
cameras in controlled and  the  illumination setup is stable after it has been turned on 
for more than 1 hour, these images do not vary over time. Therefore, the imaging time 
can be substantially reduced if these reference images would be taken prior to surgery. 
Finally, all hyperspectral data analysis in this thesis was performed in MATLAB and we 
did not focus on reducing the analysis time. Thus, much time can be gained in the data 
analysis if the software would be optimized for speed. 

When the above mentioned improvements would be implemented, hyperspectral 
imaging has the potential to provide near real-time feedback, which is much faster 
than the 3 minutes that are currently required per resection side. When these speed 
optimizations are applied, the next step would be to image the entire resection surface 
in a single capture instead of considering the lumpectomy specimen as a cube and 
imaging the six resection sides individually. This requires further research but could, 
for example, be achieved by rotating the lumpectomy specimen with respect to the 
camera. 

5 | Comparison with other intraoperative margin assessment 
techniques
As mentioned in the introduction, there are multiple other techniques that have been 
explored for resection margin assessment during surgery (33-36). We focus on methods 
that are either currently available in the clinic or FDA approved. This includes the two 
pathologic margin detection techniques frozen section analysis (FSA) and imprint 
cytology (IC) (32, 36). In comparison with the hyperspectral classification performance 
on fresh tissue slices (ALL dataset: sensitivity/specificity is 80% / 93%), their classification 
performance is similar (FSA: sensitivity/specificity is 83% / 95%; IC: sensitivity/specificity 
is 72% / 97%). Hyperspectral imaging, however, has the advantage that the resection 
surface can be analyzed much faster. With FSA and IC, a diagnosis requires 30 and 15 
minutes, respectively, whereas with hyperspectral imaging feedback over the entire 
resection surface of one side can currently be provided in 3 minutes. However, as 
discussed in Section 4, hyperspectral has to potential to provide feedback even faster. 
In addition, the pathological techniques require a specialized pathologist or cytologist 
to analyze the data, whereas this is not required for hyperspectral imaging.    

The faster margin assessment techniques that are currently available are x-ray 
(including specimen radiography and μCT) and ultrasound (34, 35, 37, 38). However, 
these techniques exhibit a lower performance in comparison with the previous 
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mentioned classification performance of hyperspectral imaging, especially in the 
detection of DCIS (x-ray: sensitivity/specificity is 53% / 84%; ultrasound: sensitivity/
specificity is 59% / 81%). 

The ‘MarginProbe’ (sensitivity and specificity are 70%) was recently approved by the 
FDA, uses radio-frequency to discriminate tissue types and requires approximately 
5 minutes for usage on the excised tissue specimen (39). However, the technique is 
based on acquiring multiple point measurements on the resection surface, guided by 
the user. Thus, for intraoperative margin assessment, hyperspectral imaging has the 
advantage that the entire resection surface can be imaged fast, without guidance by a 
user. In addition, hyperspectral imaging can provide spatial information on the imaged 
scene, which is important in assessing if a tumor-positive resection margin is focally 
positive or more than focally positive.

Based on the classification performance on fresh tissue slices and the amount of 
time required for feedback, hyperspectral imaging on fresh tissue slices outperforms 
methods for resection margin assessment that are currently available in the clinic or 
FDA approved. This supports that hyperspectral imaging can become a powerful tool 
for margin assessment during breast-conserving surgery. However, for the evaluation 
of hyperspectral imaging on the resection margin assessment of fresh lumpectomy 
specimens, further research is required. This research should especially focus on 
obtaining a large database on lumpectomy specimens that is highly correlated with 
histopathology, and the development and testing of classification algorithms using 
this database.

6 | Conclusions
In summary, we started our research with imaging breast tissue slices and we developed 
a registration method to obtain a high correlation of our optical measurements with 
histopathology. Thereby, an extensive hyperspectral database was created. We made a 
clear distinction between all pixels with a histopathology label (ALL dataset) and pixels 
of which we were certain about the histopathologic label (RIGHT dataset). With the 
RIGHT dataset, we were able to determine the maximum capability of hyperspectral 
imaging to differentiate tissue types. The highest classification results were obtained 
using both the visual and near-infrared wavelength range. Adding spatial information 
mainly improved the differentiation between classes within the malignant and healthy 
classes. On the RIGHT dataset, we report a sensitivity and specificity above 98%, which 
indicates that the optical differences in tissue composition and morphology can be 
used to distinguish tumor from healthy breast tissue. When also pixels are included 
that represent a mixture of tissue classes (ALL dataset), the sensitivity and specificity 
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decrease to 80% and 93%, respectively. This is related to the percentage of a specific 
tissue class in the measured volume. We found that as long as more than 2x2 mm of 
the specimen’s surface is involved with tumor, a malignancy can be detected in more 
than 93%. For the amount of tumor required in a three-dimensional volume, further 
research is required.

The thickness of a tissue sample in combination with the sampling volume of 
hyperspectral imaging affects the obtained diffuse reflectance spectra. To limit the 
sampling volume, we developed a method that can discriminate tumor from healthy 
breast tissue based on the amount of fat in the tissue while imaging up to a limited 
imaging depth of 2 mm. In addition, we aimed to apply machine learning classification 
algorithms developed on the tissue slices to lumpectomy specimens. We found that we 
needed to correct for differences in the thickness of the tissue samples and excluded 
wavelengths that penetrated deeper than the minimum thickness of the tissue slices. 
Thereby, the sensitivity and specificity decrease from 99% to 79% and from 99% to 
90%, respectively. This indicates that the removed wavelengths were crucial for 
high classification results and that classification algorithms should be developed on 
lumpectomy specimens instead of on tissue slices. 

Hyperspectral imaging was fast and could provide feedback over the entire resection 
surface of one side of the specimen in 3 minutes.  In combination with the classification 
performance on the tissue slices, these findings support that hyperspectral imaging 
can become a powerful tool for margin assessment during breast-conserving surgery. 
Further research is required for the evaluation of hyperspectral imaging as a margin 
assessment technique during surgery on lumpectomy specimens.

7 | Outlook
Even though the number of re-excisions due to tumor-positive margins decreased over 
the years, still, worldwide, up to 29% of the patients require a second operation to clear 
tumor deposits left behind during the initial operation (40-46). In addition, the excised 
lumps are currently up to 3 times the optimal resection volume (47-49). As such, breast-
conserving surgery could still be improved when intraoperative margin assessment 
would be available. 

Hyperspectral imaging proved to be a suitable candidate for the near real-time 
detection of malignancies in breast tissue. The diagnostics performance of hyperspectral 
imaging on tissue slices was high, and limited time was required for imaging and 
analyzing the data. However, one of the main challenges remained the discrimination 
between connective and malignant tissue in the lumpectomy specimens.  As this 
discrimination was high in the tissue slices (sensitivity and specificity above 98%), 
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this is most likely related to two factors: First, in the tissue slices we were able to use 
a full spectral range from 450-1650 nm with 528 wavelength bands whereas, for 
the lumpectomy specimens, we were limited to a fraction of the full spectral range, 
corresponding to 164 wavelength bands. In this smaller wavelength range, connective 
tissue and malignant tissue are optically too similar to differentiate with high accuracy. 
Second, the amount of tumor in the measured volume was much higher in the tissue 
slices dataset in comparison with the lumpectomy dataset. When the amount of 
tumor in the measured volume is not large enough, the measured tissue is more likely 
to be classified as the other tissue(s) in the measured volume. The next step should 
be to improve the classification results on lumpectomy specimens, by adapting and 
training classification algorithms on lumpectomy data instead of on tissue slices. In 
addition, the focus should be on determining the minimum tumor pocket that can be 
detected and reducing the time required for intraoperative margin assessment. Once 
hyperspectral imaging is established as a robust margin assessment technique during 
breast-conserving surgery, the technique should be clinically validated using clinical 
end-goals. These goals can be the number of positive margins after the initial operation 
when using hyperspectral imaging, and the required additional treatments, such as re-
operations or additional boost radiotherapy.
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English summary

Hyperspectral imaging for resection margin assessment during 
breast cancer surgery

Breast-conserving surgery (BCS) is currently the preferred method of treatment for 
women diagnosed with breast cancer. During this type of surgery, the surgeon aims to 
remove the whole tumor while sparing as much healthy tissue as possible. As tumorous 
tissue is often difficult to distinguish from healthy tissue by eye or touch, this difficult 
task might result in incomplete tumor resection or the resection of much more healthy 
tissue than necessary. Currently, the completeness of tumor resection is determined by 
a pathologist, who analyses the resection margins of the specimen under a microscope. 
This requires several days. In case tumor is found in the resection margin, the margin 
is tumor-positive and additional treatment like an extra operation is required. BCS can 
be optimized when the surgeon is provided with feedback about the resection margin 
during surgery. 

This thesis investigates the potential of hyperspectral imaging to assess the 
resection margin during surgery. Hyperspectral imaging is a non-invasive, optical 
imaging technique that measures differences in the optical properties of tissue. These 
differences in optical properties are measured in the form of diffuse reflectance spectra 
and can be used to differentiate tumor from healthy tissue. By imaging and analyzing 
the resection margin of a specimen during surgery, direct feedback can be given to the 
surgeon. 

Chapter 2

Hyperspectral imaging is a relatively new technique in the medical field and has 
not been tested for the detection of tumor in breast tissue. Therefore, we needed 
to benchmark the technique against the current gold standard: histopathological 
assessment of the tissue under a microscope. To obtain the highest correlation of our 
optical measurements with histopathology, we started our research by imaging tissue 
slices, which were obtained after gross-sectioning of the resection specimen. However, 
there are challenges involved in using histopathology to validate an optical diagnostic 
technology. Most important, in the histopathologic processing of tissue slices to 
pathology section that can be assessed under a microscope, the tissue deforms. For 
an accurate correlation with the optical measurements, registration is required that 
accounts for these deformations. Chapter 2 describes a method for coregistrating 
histopathology with our optical measurements that consists of registering the 
pathology sections to white light images that were taken simultaneously to the optical 
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measurements. By using an affine and deformable registration, we accounted for tissue 
deformations. In comparison with a much simpler affine registration, that only uses 
the shape of the tissue for registration, the registration performance improved. This 
registration performance was quantified using the shape and the composition of the 
tissue as measures, and micro-computed tomography as an independent modality. 
In addition, we compared the results of both registration methods with our optical 
measurements for 234 measurement locations. We used the fat percentage in the 
pathology coupes and the fat percentage according to the optical measurements and 
made a clear distinction between ‘unaltered’ and ‘altered’ points. A point was ‘altered’ 
if the averaged fat percentage in the pathology section varied with more than 20% 
between both registration methods. For these points, the correlation with the optical 
measurements strongly improved using the affine and deformable registration. This 
confirmed the importance of accounting for tissue deformations when correlation 
optical measurements with histopathology. Even though the proposed method was 
labor intensive, it is useful for the validation of optical measurements with the current 
gold standard.

Chapter 3

In Chapter 3, we reported, to the best of our knowledge, for the first time on margin 
assessment with hyperspectral imaging for breast-conserving surgery. We used 
a hyperspectral camera that operates in the near-infrared wavelength range and 
obtained two datasets. The first dataset consisted of tissue slices, after gross-sectioning 
of the resected breast specimen. With this dataset, we developed and tested a support 
vector machine algorithm and showed that invasive carcinoma, ductal carcinoma in 
situ, connective tissue and adipose tissue were classified as tumor or healthy tissue 
with accuracies of 93%, 84%, 70%, and 99%, respectively. In addition, we showed 
that the classification accuracy was lower in tissue close to tissue transitions, where 
hyperspectral imaging is more likely to measure a mixture of tissue classes instead 
of a single tissue class. This has an effect on the minimum tissue pocket size that can 
be detected. Nevertheless, we showed that tissue pockets larger than 2 x 2 mm were 
correctly classified in more than 93% of the cases. 

In addition to the tissue slices, we measured the entire resection surface of six 
unprocessed lumpectomy specimens and showed that imaging could be performed 
within 10 minutes. With the algorithm developed on the tissue slices, we analyzed 
the hyperspectral data. However, no accurate correlation with histopathology could 
be obtained with this dataset due to the limited number of pathology sections and 
their perpendicular orientation to the resection surface. Therefore, we only assessed 
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whether hyperspectral analysis confirms tumor-positive margins found on the available 
H&E sections. Hyperspectral data analysis was fast and hyperspectral imaging detected 
19 of 20 malignancies that were located within 2 mm of the resection surface. Thereby, 
we showed the potential of using hyperspectral imaging as a margin assessment 
technique during breast-conserving surgery. 

Chapter 4

Based on Chapter 3, the most challenging tissue types to differentiate were connective 
tissue and ductal carcinoma in situ. In Chapter 4, we aimed to improve the accuracies 
of these tissue types by adding information in the visual wavelength range to the 
information obtained in the near-infrared wavelength range and combining the spectral 
and spatial information for tissue analysis. Only tissue slices were measured because of 
their good correlation with histopathology. We made a clear distinction between pixels 
that were measured on a single tissue class and of which we were certain about the 
histopathology label (the RIGHT dataset), and all pixels with a histopathology label (the 
ALL dataset). With the RIGHT dataset, we were able to obtain the maximum capability 
of hyperspectral imaging to differentiate malignant from healthy tissue. We showed 
that the highest classification performance was obtained (sensitivity/specificity: 98% 
/ 99%) when both the visual and the near-infrared wavelength were used and that 
adding spatial information mainly improved the differentiation of different tissue 
classes within the malignant and healthy tissue classes. 

Chapter 5

For the final clinical purpose of hyperspectral imaging, resection margin assessment 
during breast-conserving surgery, only a specific amount of the tissue underneath 
the resection surface should be assessed. As such, it is important to account for the 
imaging depth of hyperspectral imaging. In Chapter 5, we used diffusion theory to 
estimate the theoretical penetration depth and compared this to the imaging depth of 
our setup, which we determined experimentally with a tissue-mimicking phantom. The 
penetration depth and the imaging depth were similar and varied with wavelength 
and tissue composition. To account for this variation, we developed a method that uses 
the spectral slope of the diffuse reflectance spectrum at wavelength regions where 
the imaging depth in tumor and healthy tissue is equal. Thereby, tissue up to the 
required tumor-free margin width of 2 millimeters can be analyzed. This method can 
discriminate tissue types based on the amount of fat in the tissue and was tested on 
gross-sectioned tissue slices. Over all 13 patients, the spectral slope was significantly 
different between malignant and healthy tissue and was higher for invasive carcinoma 
than for both connective (by 0.122) and adipose tissue (by 1.257). 
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Chapter 6

In Chapter 5, good classification results were obtained on gross-sectioned tissue 
slices. In Chapter 6, we made the step from imaging tissue slices to imaging the 
resection surface of lumpectomy specimens, so that the surgeon can be provided with 
feedback about the resection margins during surgery. However, it was challenging to 
create an extensive, reliable hyperspectral database on the lumpectomy specimens. 
First, histopathological margin assessment covers only a small fraction of the 
resection surface as it was measured with hyperspectral imaging and due to tissue 
deformations, it is difficult to determine the exact location on the resection surface 
that was assessed by histopathology. Second, it is difficult to obtain a hyperspectral 
dataset that contains enough measurements on both tumor and healthy tissue, as 
not every lumpectomy specimen will contain a tumor-positive margin. Therefore, the 
lumpectomy dataset could not be used to develop classification algorithms. Instead, 
we applied classification algorithms that were developed on the tissue slices dataset to 
the lumpectomy dataset to evaluate the feasibility of hyperspectral margin assessment 
during surgery. To allow for this, we first evaluated if the hyperspectral data obtained 
on both datasets were similar. We found spectral differences that were related to the 
fact that the thickness of the tissue slices (minimum 2.5 mm) was less than the thickness 
of the lumpectomy specimens (>10 mm). These differences were mainly present in 
wavelength regions were the optical penetration depth exceeded the thickness of the 
tissue slices. To correct for this, we excluded wavelengths with a penetration depth 
deeper than 2.5 mm and thereby reduced the number of wavelengths for further 
analysis from 528 to 164 wavelength bands. After wavelength reduction, the spectra 
of slices and lumpectomy data were more similar. With the remaining wavelengths, 
adipose tissue was easily distinguished. By projecting the results of the spectral slope 
method, that can discriminate tissue types based on the amount of fat in the tissue, 
over the specimen, areas that contain less fat were easily visualized. Thereby, feedback 
about areas that are suspicious of being malignant could be given to the surgeon 
during surgery within 3 minutes. However, discriminating malignant and connective 
tissue was more challenging: A machine learning algorithm using the visual and near-
infrared wavelength range was trained and tested on the tissue slices. After reducing 
the number of wavelengths, the sensitivity and specificity decreased from 99% to 79% 
and from 99% to 90%, respectively. These classification results are not good enough for 
accurate discrimination between tumor and connective tissue in clinical practice. This 
was confirmed with the lumpectomy dataset as only 1 of 4 malignant locations that 
required a re-operation were found. For improved discrimination between malignant 
and connective tissue in lumpectomy specimens, classification algorithms should be 
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trained on lumpectomy data instead of slices data. Thereby, crucial wavelengths for 
the malignant-connective tissue discrimination, that were currently removed, can be 
included in the hyperspectral data analysis. 
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Nederlandse samenvatting

Hyperspectrale imaging voor het beoordelen van resectieranden 
tijdens borstsparende chirurgie

Momenteel worden vrouwen met borstkanker bij voorkeur behandeld met 
borstsparende chirurgie. Tijdens dit type chirurgie probeert de chirurg de volledige 
tumor te verwijderen en zoveel mogelijk gezond weefsel te sparen. Omdat tumorweefsel 
vaak moeilijk te onderscheiden is met het oog of met de tast, is dit een lastige taak 
die kan resulteren in het onvolledig verwijderen van de tumor of het weghalen van 
meer gezond weefsel dan nodig is. Momenteel bepaalt een patholoog of de volledige 
tumor verwijderd is door de snijranden (ook wel de resectieranden genoemd) van het 
weggehaalde weefsel onder de microscoop te bekijken. Dit duurt een aantal dagen. 
Wanneer er tumorweefsel in de resectierand gevonden wordt, is deze tumor-positief en 
zal er extra behandeling nodig zijn zoals een tweede operatie. Borstsparende chirurgie 
kan geoptimaliseerd worden door de chirurg tijdens de operatie te laten weten of de 
resectieranden tumor-positief zijn.

Dit proefschrift onderzoekt of hyperspectrale imaging een geschikte techniek is 
om tijdens de operatie de resectieranden te beoordelen. Hyperspectrale imaging is 
een niet-invasieve, optische, beeldvormende techniek die verschillen in de optische 
eigenschappen van weefsel kan meten. Deze verschillen in optische eigenschappen 
worden gemeten als diffuse reflectie spectra en kunnen gebruikt worden om 
tumorweefsel te onderscheiden van gezond weefsel. Door de snijranden van het 
weggehaalde weefsel te meten en te analyseren tijdens de operatie, weet de chirurg 
direct of de volledige tumor verwijderd is.

Hoofdstuk 2

Hyperspectrale imaging is een relatief nieuwe techniek op medisch gebied en is nog 
niet bewezen voor het detecteren van tumorweefsel in borstweefsel. Daarom moesten 
wij de techniek afzetten tegen de huidige gouden standaard: het histopathologisch 
beoordelen van het weefsel onder een microscoop. Om de beste correlatie tussen 
onze optische metingen en de histopathologie te verkrijgen, zijn we ons onderzoek 
begonnen met het meten van lamellen. Dit zijn plakken van ~3 mm dik, die verkregen 
worden door het weggehaalde weefsel in plakken te snijden. Er zijn echter een aantal 
uitdagingen voordat de histopathologie gebruikt kan worden voor de validatie van 
een optische diagnostische technologie. De belangrijkste uitdaging is dat het weefsel 
vervormt tijdens de histopathologische verwerking van lamellen naar de pathologie-

Nederlandse samenvatting
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coupes die onder de microscoop bekeken kunnen worden. Voor een nauwkeurige 
correlatie met de optische metingen is een registratie nodig die rekening houdt 
met deze vervormingen. Hoofdstuk 2 beschrijft een methode voor het registreren 
van de histopathologie met onze optische metingen. Met deze methode wordt de 
pathologie-coupe geregistreerd op wit-licht-foto’s, die gelijktijdig gemaakt werden 
met de optische metingen. Doordat we een ‘affine en deformable’ registratiealgoritme 
gebruikten, hielden we rekening met de weefselvervormingen. In vergelijking met een 
veel simpeler ‘affine’ registratiealgoritme, dat alleen de vorm van het weefsel gebruikt 
om de registratie te maken, verbeterde de kwaliteit van de registratie. Deze kwaliteit 
werd gekwantificeerd aan de hand van de vorm en de samenstelling van het weefsel, 
en micro-computed tomography data als een onafhankelijke modaliteit. Daarnaast 
hebben we de resultaten van beide registratiemethodes vergeleken met de optische 
metingen door te kijken naar 234 gemeten locaties in het weefsel. We vergeleken het 
vetpercentage in de pathologiecoupes met het vetpercentage volgens de optische 
metingen en maakten een duidelijk onderscheid tussen ‘ongewijzigde’ en ‘gewijzigde’ 
locaties. Een locatie werd ‘gewijzigd’ genoemd als het gemiddelde vetpercentage 
in de pathologiecoupe met meer dan 20% verschilde tussen het gebruik van beide 
registratiemethodes. Voor deze punten verbeterde de correlatie met de optische 
metingen sterk bij het gebruik van de ‘affine en deformable’ registratie. Dit bevestigt 
dat het belangrijk is om rekening te houden met weefselvervorming bij het correleren 
van histopathologie met optische metingen. Hoewel de beschreven methode 
arbeidsintensief is, is deze nuttig voor het valideren van optische metingen met de 
huidige gouden standaard. 

Hoofdstuk 3

In hoofdstuk 3 rapporteren we, voor zover wij weten, voor het eerst over het gebruik 
van hyperspectrale imaging om resectieranden te beoordelen tijdens borstsparende 
chirurgie. We gebruikten een hyperspectrale camera die in het nabij-infrarode 
golflengtebereik meet en verkregen daarmee twee datasets. De eerste dataset bestond 
uit lamellen en werd gebruikt om een ‘support vector machine’ classificatiealgoritme 
te ontwikkelen en te testen. Met dit algoritme werden invasief carcinoom, ductaal 
carcinoom in situ, bindweefsel en vetweefsel geclassificeerd als tumor- of gezond 
weefsel met een nauwkeurigheid van respectievelijk 93%, 85%, 70%, en 99%. 
Bovendien lieten we zien dat de classificatienauwkeurigheid afneemt in weefsel 
dichtbij weefselovergangen. Op deze plekken meet hyperspectrale imaging eerder 
een mengsel van verschillende weefseltypes dan een enkel weefseltype. Dit had een 
effect op de minimale grootte van een specifiek weefseltype dat gedetecteerd kan 
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worden. Desondanks lieten we zien dat als dit specifieke weefseltype groter is dan 2 x 2 
mm, het correct geclassificeerd wordt in meer dan 93% van de gevallen. 

Naast de lamellen hebben we ook het volledige resectievlak gemeten van zes 
onbewerkte resectiepreparaten. We hebben laten zien dat dit mogelijk was binnen 
10 minuten. De verkregen data is vervolgens geanalyseerd met het algoritme dat 
we ontwikkeld hadden met metingen op de lamellen. Het was echter lastig om een 
nauwkeurige correlatie met de pathologie te verkrijgen omdat de pathologie-coupes 
loodrecht verkregen worden op het snijvlak en het aantal coupes gering is. Daarom 
hebben we alleen bepaald of we met de hyperspectrale analyse tumor-positieve 
randen konden detecteren die ook gevonden waren op de pathologiecoupes. De 
hyperspectrale data-analyse was snel en we detecteerden 19 van de 20 maligniteiten 
die zich binnen 2 mm van het snijvlak bevonden. Hiermee toonden we aan dat het 
gebruik van hyperspectrale imaging tijdens borstsparende chirurgie potentie biedt om 
te bepalen of de resectieranden tumor-positief zijn.

Hoofdstuk 4

Op basis van de resultaten in hoofdstuk 3 waren bindweefsel en ductaal carcinoom 
in situ de meest uitdagende weefseltypes om te onderscheiden van de andere 
weefseltypes. In hoofdstuk 4 wilden we de classificatienauwkeurigheid van deze 
weefseltypes verbeteren door informatie in het visuele golflengtegebied toe te voegen 
aan de informatie die we al hadden uit het nabij-infrarode golflengtebereik. Daarnaast 
wilden we de spectrale informatie met de ruimtelijke informatie van de hyperspectrale 
data combineren om het weefsel te analyseren. We hebben dit gedaan met lamellen 
vanwege hun goede correlatie met de histopathologie. Een duidelijk onderscheid werd 
gemaakt tussen data gemeten op een enkel weefseltype, waar we zeker van waren 
dat de histopathologie overeen kwam met het gemeten weefsel (de RIGHT data), en 
alle data met een histopathologie label (de ALL data). Met de RIGHT data konden we 
bepalen wat het maximale onderscheid is dat hyperspectrale imaging kan maken 
tussen tumor- en gezond weefsel. We toonden aan dat het beste onderscheid gemaakt 
werd wanneer zowel het visuele als het nabij-infrarode golflengtebereik gebruikt werd 
(gevoeligheid/specificiteit: 98% / 99%). Het toevoegen van ruimtelijke informatie 
verbeterde voornamelijk het onderscheid tussen weefseltypes in de maligne- en 
gezonde weefsel klassen. 

Hoofdstuk 5

Voor het uiteindelijke klinische doel van hyperspectrale imaging, het beoordelen van 
resectieranden tijdens borstsparende chirurgie, moet enkel een specifieke hoeveelheid 
weefsel onder het resectieoppervlak beoordeeld worden. Daarom is het belangrijk om 
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rekening te houden met het meetvolume van hyperspectrale imaging. In hoofdstuk 
5 gebruikten we diffusie theorie om de theoretische penetratiediepte van licht te 
schatten. Vervolgens vergeleken we deze penetratiediepte met de meetdiepte van 
onze opstelling, die we experimenteel bepaald hebben met behulp van een fantoom 
met weefselkarakteristieke eigenschappen. We lieten zien dat de penetratiediepte 
overeenkomt met de meetdiepte en dat deze variëren met de golflengte en de 
samenstelling van het weefsel. Om rekening te houden met deze variatie hebben we 
een methode ontwikkeld die de helling van het diffuse reflectiespectrum gebruikt 
bij golflengtes waar de meetdiepte in tumor- en gezond weefsel gelijk is. Met deze 
methode zal alleen het weefsel op een diepte tot aan de vereiste tumorvrije marge 
van 2 mm geanalyseerd worden. Deze methode kan weefseltypes onderscheiden op 
basis van de hoeveelheid water en vet in het weefsel en is getest op lamellen. Bij alle 
13 patiënten was de helling significant verschillend tussen tumor- en gezond weefsel 
en hoger voor invasief carcinoom dan voor bindweefsel (met 0.122) en vetweefsel (met 
1.257). 

Hoofdstuk 6

In hoofdstuk 5 werden goede classificatieresultaten verkregen op lamellen. In hoofdstuk 
6 maakten we de stap van deze lamellen naar het meten van het resectieoppervlak van 
het weggehaalde weefsel (ook wel de lump genoemd). Hiermee wordt het mogelijk 
om de chirurg direct tijdens de operatie te laten weten of de resectieranden tumor-
positief zijn. Het is echter lastig om een grote, betrouwbare hyperspectrale database 
te verkrijgen op deze lumpen. Ten eerste beslaat de histopathologische beoordeling 
van de resectieranden slechts een klein deel van het resectievlak dat gemeten is met 
de hyperspectrale camera, en vanwege weefselvervormingen is het moeilijk om te 
bepalen welk deel van het resectievlak dit precies is. Ten tweede is het moeilijk om een 
hyperspectrale dataset te verkrijgen die voldoende metingen bevat van zowel tumor- 
als gezond weefsel omdat niet elke lump een tumorpositieve resectierand zal hebben. 
Hierdoor kon de lumpen-dataset niet gebruik worden om een classificatiealgoritme 
mee te ontwikkelen. In plaats daarvan hebben we het classificatiealgoritme dat 
ontwikkeld was met de lamellen gebruikt om the lumpen-dataset te analyseren. Om 
dit mogelijk te maken hebben we eerst gekeken of de hyperspectrale data van beide 
datasets vergelijkbaar was. We vonden spectrale verschillen die verband hielden met 
het feit dat de dikte van de lamellen (minimaal 2,5 mm) minder was dan de dikte van 
de lumpen (>10 mm). Deze spectrale verschillen waren voornamelijk aanwezig in 
golflengtegebieden waar de optische penetratiediepte groter was dan de dikte van de 
lamellen. Om hiervoor te corrigeren, hebben we golflengtes met een penetratiediepte 
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groter dan 2,5 mm niet meegenomen voor verdere analyse en hiermee het aantal 
golflengtebanden verlaagd van 528 naar 164. Na het verminderen van het aantal 
golflengtes waren de spectra van de lamellen en de lumpen meer vergelijkbaar. Met 
de overgebleven golflengtes was het gemakkelijk om vetweefsel te onderscheiden. 
Door het projecteren van de resultaten van de methode die de helling van het diffuse 
reflectiespectrum gebruikt om weefseltypes te onderscheiden op basis van de 
hoeveelheid water en vet in het weefsel, konden gebieden die minder vet bevatten 
gemakkelijk gevisualiseerd worden. Daardoor was het mogelijk om de chirurg binnen 
3 minuten feedback te geven welke gebieden verdacht waren om tumorpositief te 
zijn. Het maken van een onderscheid tussen tumor- en bindweefsel was echter een 
grotere uitdaging: een machine learning-algoritme dat het visuele en nabij-infrarood 
golflengtegebied gebruikt werd getraind en getest met behulp van de lamellen. Na het 
reduceren van het aantal golflengtes namen zowel de sensitiviteit als de specificiteit af, 
respectievelijk van 99% naar 79% en van 99% naar 90%. Deze classificatieresultaten zijn 
voor gebruik in de kliniek niet voldoende om een nauwkeurig onderscheid te maken 
tussen tumor- en bindweefsel. Dit werd bevestigd met de lumpen-dataset. Slechts 1 van 
de 4 meetlocaties waar tumorweefsel gemeten was en waarvoor een tweede operatie 
geïndiceerd was, werd gedetecteerd. Voor het verbeteren van het onderscheid tussen 
tumor- en bindweefsel in de lumpen, moeten classificatiealgoritmes getraind worden 
op lumpen in plaats van op lamellen. Daardoor kunnen golflengtes die cruciaal zijn voor 
het onderscheiden van tumor- en bindweefsel, en die momenteel niet meegenomen 
zijn, meegenomen worden in de hyperspectrale analyse. 
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Dankwoord
Hoewel op de voorkant van dit proefschrift enkel mijn naam staat, wordt er nergens 
gesproken in de ik-vorm; dit onderzoek had ik namelijk nooit in mijn eentje kunnen doen. 
Naast KWF kankerbestrijding, door welke organisatie dit onderzoek gefinancierd is, 
wil ik daarom graag een aantal mensen bedanken. 

Te beginnen met mijn promotor en copromotor. Geachte Prof. dr. Ruers, beste Theo, 
bedankt voor deze promotie en alle mogelijkheden die ik gekregen heb om mezelf 
te ontwikkelen. Als biomedical engineer is het uniek om onderzoek te doen in een 
ziekenhuis en daarbij een chirurg als begeleider te hebben. Je hebt me vaak de andere 
kant van het onderzoek laten zien en me daarbij geleerd om me op het positieve te 
focussen en het klinische einddoel bij dit technische onderzoek niet uit het oog te 
verliezen. Geachte Prof. dr. ir. Sterenborg, beste Dick, bedankt voor de begeleiding de 
afgelopen jaren en het delen van je optische kennis. Jouw opmerkingen en vragen 
hebben me vaak aan het denken gezet. 

Geachte leden van de promotiecommissie, bedankt voor de tijd, interesse en moeite 
die jullie gestoken hebben in het kritisch doorlezen en beoordelen van dit proefschrift. 
Specifiek wil ik Prof. dr. Van de Vijver bedanken. Beste Koen, de pathologie blijft een 
wereld op zich die jij voor mij een stuk overzichtelijker heb gemaakt. Bedankt voor al je 
uitleg, het bekijken van al die coupes en je enthousiasme voor de studies die we samen 
gedaan hebben. 

Beste collega’s en oud-collega’s, wat is het belangrijk om leuke collega’s te hebben! 
Naast jullie wetenschappelijke input ben ik, dankzij jullie, de afgelopen jaren met veel 
plezier naar mijn werk gegaan. Er is een aantal mensen die ik hiervoor in het bijzonder 
wil bedanken. Te beginnen met Sandra. Ik weet niet wat onze groep zou moeten 
zonder jou. Dank je wel voor je goede puzzel skills, immense geduld, luisterend oor en 
hulp de afgelopen jaren. 

Mijn kamergenoten de eerste jaren van mijn Ph.D.: Lisanne, die eindeloze metingen, 
correlatie met pathologie, en MRI metingen tot laat in de avond; ze werden een stuk 
dragelijker en gezelliger doordat we ze samen deden. Daarnaast heb ik veel aan je 
gehad als ervaringsdeskundige en technische geneeskundige en heb je me vanaf het 
begin af aan wegwijs gemaakt in de medische wereld. Bedankt voor alles de afgelopen 
jaren en ik ben blij dat je mijn paranimf wilt zijn. Bram, ik heb altijd erg met en om 
je kunnen lachen en vond onze conversaties (met name tijdens de lunch) altijd erg 
vermakelijk. Daarnaast kon je als enige niet optische Ph.D.-er onze problemen over 
fitten, PA-correlatie en dergelijke altijd goed relativeren. Bedankt! Lisanne Baltussen, 
bedankt voor alle discussies over machine learning, triathlons, en de gezelligheid 
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tijdens cursussen en congressen. Niels, hoewel je ‘slechts’ een parttime kamergenoot 
was, was je nooit te beroerd om iets voor je collega’s te doen. Ontzettend bedankt voor, 
onder andere, de mooie plaatjes die je gemaakt hebt van de hyperspectrale camera 
die meermaals in dit proefschrift te vinden zijn! Behdad, I am so grateful to have had 
the opportunity to work with you. Your enthusiasm, down-to-earth mentality and wise 
words were an inspiration to me, and I have enjoyed the laughter, cookies and (even 
though you did not) the planking. Anouk, wat ben ik blij dat jij als optische postdoc 
het laatste jaar bij ons kwam werken. Bedankt voor de (optische) ondersteuning en de 
gezelligheid.

Jasper, hoewel je van de navigatie-tak was dacht je altijd mee met onze optische 
vraagstukken. Bedankt hiervoor en de gezelligheid bij research borrels, team uitjes, 
etc. Esther, Ruben & Matteo, our neighbors. I am glad that we moved from U2.16 to 
the A-building so that during the last year of my Ph.D. we could discuss nonsense, eat 
(pan)cakes, pepernoten & other sweets, and make (‘3D’) ultrasound images. Thank you 
for the nice time we had. Esther, specifiek wil ik jou bedanken voor je hulp met alle 
medische vraagstukken, maar vooral voor de eindeloze gesprekken, gezelligheid en 
de fantastische (big-belly) afsluiter. Het OK-team, het lange wachten tussen metingen 
door was minder erg doordat ik jullie altijd lastig kon vallen. Bedankt! Sasha, bedankt 
voor je kritische en frisse blik, je directheid en je oprechtheid. Suus, ‘gedeelte smart 
is halve smart’ lijkt me wel van toepassing op onze samenwerking. Wat fijn dat we al 
die tripjes binnen Europa samen konden maken. Maar voornamelijk wil ik je bedanken 
voor de gezelligheid rondom onze zwemtripjes. Nog even en we zwemmen Maarten 
van der Weijden eruit.

Zonder de mensen van de afdeling pathologie was dit onderzoek zeker niet mogelijk 
geweest. Pathassers, bedankt voor jullie flexibiliteit en geduld als ik weer met een 
specifieke wens bij jullie kwam met een preparaat. De borrels die georganiseerd zijn, 
getuigen wat mij betreft van hoe fijn het is om met jullie samen te werken. Joyce, 
bedankt voor het bekijken van die laatste coupes.

Van de afdeling chirurgie wil ik graag de mamma-chirurgen bedanken voor het 
meedenken met dit onderzoek, jullie vertrouwen en flexibele houding om deze nieuwe 
techniek te proberen. De OK-assistenten en Mustafa, bedankt voor het afgeven en 
helpen uitschrijven van al die preparaten.

De mensen van het KFI. Sanny, bedankt voor alle hulpmiddelen die je gemaakt 
hebt, zodat we onze metingen nog beter uit konden voeren. Michiel, bedankt voor je 
wetenschappelijke input en gezelligheid op de SPIE. Leon, bedankt voor je hulp (tot in 
de late uurtjes) bij het MRI-project en de begeleiding van al die studenten. 

For all help with statistics, I would like to thank Kasia. 

Dankwoord
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To the people that I worked with during the European project Astonish, I would like 
to say: thank you for the nice collaboration. I have learned a lot.

Zonder mijn studie in Groningen had ik nooit kunnen beginnen aan dit 
promotieonderzoek. Hoewel ik daar veel mensen heb ontmoet die deze studietijd 
geweldig hebben gemaakt wil ik graag met name iedereen van Limoen, Pallas, 
Eureka, BAM TdL en Beetle bedanken. Marieke, bedankt dat je zo’n goeie vriendin 
bent. Marloes, vanaf onze geboorte zijn wij al vriendinnen, bedankt dat je er op de 
belangrijke momenten altijd bent. 

Lieve schoonfamilie, ik heb het getroffen met jullie. Ik heb me altijd erg welkom en 
op mijn gemak gevoeld en wil jullie bedanken voor jullie gezelligheid en interesse in 
mij.

Frank en Bram, team kerst! Jullie zijn echt een toevoeging aan de familie Kho. 
Bedankt dat jullie zulke leuke vriendjes voor mijn zusjes zijn. Lieve Eline en Margot, 
wat ben ik blij met jullie als zusjes. Bedankt voor het doorlezen van stukken van dit 
proefschrift en voor het pubquiz-uitje (laten we dat maar beter niet nog een keertje 
doen). Margot, bedankt dat je m’n passie deelt om onszelf naar de getver te fietsen, 
zodat ik eventuele frustraties er lekker uit kon fietsen. Eline, wat leuk dat wij zo in 
hetzelfde vakgebied zitten en dat we over een paar jaar ook zo’n boekje van jou zullen 
krijgen. Superleuk dat je mijn paranimf wilt zijn.

Lieve pap en mam, jullie hebben beiden stiekem zoveel bijgedragen aan dit 
promotieonderzoek. Pap, ik heb bewondering voor hoe je luistert naar mijn verhalen 
over een onderzoek waar je helemaal niet in zit, binnen de kortste keren precies de 
vinger op de zere plek kunt leggen, en dan ook nog met suggesties kunt komen. 
Mam, jij weet altijd eerder wat me dwars zit dan ikzelf. Die trein is gaan rijden en heeft 
zijn eindbestemming gehaald. Bedankt voor jullie onvoorwaardelijke steun en het 
vertrouwen. Als Martin en ik net zulke ouders worden als jullie, dan mag die kleine in 
z’n handjes knijpen. 

Lieve lieve Martin, wat ben ik blij dat wij elkaar hebben ontmoet. Ik wil je bedanken 
voor alles wat je de afgelopen jaren voor me gedaan hebt, en wat eigenlijk te veel is om 
hier te noemen. Ik bewonder je zelfreflectie, je enorme social skills en je ongeëvenaarde 
schrijf skills. Mede dankzij jouw positieve manier van stimuleren en je vertrouwen in mij 
is dit proefschrift tot een goed einde gebracht. Als we elkaar net zo blijven aanvullen als 
dat we de afgelopen jaren gedaan hebben gaat het met die kleine erbij ook helemaal 
goed komen! Lieve kleine Monki, bedankt dat je, hoewel je het zelf niet weet, de laatste 
maanden van mijn Ph.D. zo veel gezelliger en ontspannender hebt gemaakt dan ik van 
tevoren had kunnen bedenken. 
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