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Thermal ablation modalities, for example radiofrequency ablation (RFA) and microwave ablation, are intended to prompt controlled tumour 

removal by raising tissue temperature. However, monitoring the size of the resulting tissue damage during the thermal removal procedures is a 

challenging task. The objective of this study was to evaluate the observation of RFA on an ex vivo liver sample with both a commercial and a low-

cost system to distinguish between the normal and the ablated regions as well as the thermally affected regions. RFA trials were conducted on 

five different ex vivo normal bovine samples and monitored initially by a custom hyperspectral (HS) camera to measure the diffuse reflectance (Rd) 

utilising a polychromatic light source (tungsten halogen lamp) within the spectral range 348–950 nm. Next, the light source was replaced with mon-

ochromatic LEDs (415, 565 and 660 nm) and a commercial charge-coupled device (CCD) camera was used instead of the HS camera. The system 

algorithm comprises image enhancement (normalisation and moving average filter) and image segmentation with K-means clustering, combining 

spectral and spatial information to assess the variable responses to polychromatic light and monochromatic LEDs to highlight the differences in 

the Rd properties of thermally affected/normal tissue regions. The measured spectral signatures of the various regions, besides the calculation of 

the standard deviations (δ) between the generated six groups, guided us to select three optimal wavelengths (420, 540 and 660 nm) to discriminate 

between these various regions. Next, we selected six spectral images to apply the image processing to (at 450, 500, 550, 600, 650 and 700 nm). We 

noticed that the optimum image is the superimposed spectral images at 550, 600, 650 and 700 nm, which are capable of discriminating between 

the various regions. Later, we measured Rd with the CCD camera and commercially available monochromatic LED light sources at 415, 565 and 
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660 nm. Compared to the HS camera results, this system was more capable of identifying the ablated and the thermally affected regions of surface 

RFA than the side-penetration RFA of the investigated ex vivo liver samples. However, we succeeded in developing a low-cost system that provides 

satisfactory information to highlight the ablated and thermally affected region to improve the outcome of surgical tumour ablation with much 

shorter time for image capture and processing compared to the HS system.

Keywords: liver cancer, hyperspectral imaging system, RFA, diffuse reflectance, K-means clustering algorithm, monochromatic LEDs

Introduction
Hepatocellular carcinoma (HCC) is sixth in malignancy 
rate and third in tumour mortality worldwide.1 It is the 
most widely occurring primary liver cancer, responsible 
for almost three-quarters of the cases around the world.2 
HCC is a critical disease since it is the cause of death of 
30,160 in the USA and ~781,600 globally.3–5 Investigation 
of the disease needs to be increased in both clinical and 
pharmaceutical fields, particularly in regions with fewer 
resources,6 such as low-income countries where HCC 
spread is increasing and early detection methods are 
limited.7–9

There has been a noticeable increase in HCC among 
patients with liver diseases in Egypt.10 Early diagnosis of 
HCC is important as few remedial treatment alternatives 
are available that would be able to provide an improved 
result.11 The ideal therapeutic protocol for patients with 
HCC is liver transplantation.12–14 However, transplanta-
tion is restrained by the availability of liver donors and 
by financial limitations, besides complying with the Milan 
criteria,15 which are a set of criteria for patients with 
cirrhosis and HCC going for liver transplantation to cure 
their disease.16,17

There has been a significant development recently in 
the fusion of diagnostic and minimally invasive thera-
peutic methods with respect to conventional surgeries.18 
During the resection of cancers in neurosurgery, restor-
ative strategies generally depend on the experience of 
the neuro-surgeons.19 For liver tumour therapy, careful 
resection is also a regularly utilised technique.20 Another 
therapeutic option for early stage HCC patients with 
non-cirrhotic livers is hepatic resection.21 Minimally intru-
sive thermal ablation has also proved to be a vital treat-
ment choice when it is available.22

Partial hepatectomy provides minimum recovery time 
and indistinguishable five-year survival rates of 60–70 % 
compared to transplantation.23 However, the number 
of colorectal cancer (CLC) patients eligible for resection 
is not much above 25 % because of irregular tumour 

regions and degraded long-term liver function.24 For the 
remainder of cancers, minimally invasive thermal ablation 
methods have been demonstrated to be an important 
treatment choice when available.22

Minimally invasive thermal ablation techniques such 
as radiofrequency ablation (RFA),25 laser thermal ablation 
(LTA),26 microwave ablation (MWA),27,28 high-intensity 
focused ultrasound (HIFU)29 and bulk thermal ablation 
(BTA)30,31 provide significantly successful results in mini-
mally invasive therapeutic techniques for primary and 
secondary liver cancers which cannot be removed,25,32,33 
whereby the main objective of thermal ablation treatment 
of malignant tumours is to remove the whole tumour by 
using heat to kill the tumour cells in a minimally invasive 
way without damaging adjacent essential structures.34

Cell homeostasis can keep up with a gentle rise of 
temperature to roughly 40 °C. Although, the innate 
acidity and low oxygen tension in malignant cells can 
give resistance from both radiation and chemotherapy. 
However, these components render cells more vulnerable 
to heat. Moreover, the toxicity of a few anti-neoplastic 
medications and the effectiveness of radiation are 
improved at higher temperatures (the hyperthermia effect) 
of 42–45 °C.35,36 On the other hand, even prolonged heat 
therapy at these temperatures will not destroy all cells in 
a given volume: cell function and growth of the tumour 
can still be seen even after moderately long exposure 
to these temperatures. At the point when temperatures 
are raised to 46° C for 60 min, irreversible cell damage 
occurs.37 The rapid increase of temperature (≥60° C) will 
cause tumour cell necrosis; this is known as the thermal 
ablation temperature,30,38,39 as explained in Figure A1 in 
the Appendix.

Giorgio et al.40 reported that 71 intrahepatic cholangi-
ocarcinoma (ICC) patients had been treated with MWA 
(35 patients) and RFA (36 patients); the general survival 
rates were 88 % at 12 months, 65 % at 36 months, 45 % 
at 60 months and 34 % at 80 months. The survival rate 
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for the patients treated with MWA was higher than 
RFA-treated patients with ICC nodules of 3–4 cm. 
However, in the patients with nodules >4 cm, there was 
no significant difference.40

Recently, numerous scientists have built imaging strat-
egies to ensure appropriate ablation of liver tumours and 
metastases using non-invasive methods with respect to 
the conventional hepatectomy method. Of these imaging 
techniques, diffuse reflectance spectroscopy at wave-
lengths between 400 nm and 1050 nm was used to assess 
tissue ablation by RFA in eight samples of liver tumour 
with an average tumour size of 0.8–3.3 cm. The outcome 
shows high accuracy (97–99 %) in predicting thermal 
damage with respect to the histology report.22 Another 
study that aimed to predict the temperature changes 
during hepatic MWA, using dual-energy computed 
tomography (DECT) imaging, made use of three fluoro-
optic thermometers for temperature variation meas-
urements through the heating and cooling phases. The 
results demonstrate that the MWA sensitivity on tissue 
was inversely linear with DECT image datasets, where 
regression analysis was performed determining thermal 
sensitivity for the two phases. The heating phase exhib-
ited the greater influence of temperature compared to 
the cooling phase.41

Hyperspectral imaging (HSI) is a growing imaging 
method and provides encouraging outcomes in the 
medical field. For example, a study of LTA with HSI by 
capturing relative pixel-by-pixel reflectance/absorbance 
of a broad range spectrum (500–1000 nm) was conducted 
to investigate in vivo porcine liver to evaluate the spectral 
response between thermal and normal regions of the 
organ. The measured absorbance variation was remark-
able for methemoglobin at 630 nm, for deoxyhemoglobin 
at 760 nm and for water at 960 nm, which confirms the 
hypothesis that tissue optical behaviour depends on its 
thermal state. The experimental outcome shows that the 
methemoglobin absorption in the thermal region was 
40 % more than in the non-ablated regions.42,43

R.P. Singh-Moon et al. developed a near infrared (NIR) 
spectroscopic catheter for real-time monitoring of tissue 
reflection during RFA. The investigation used both a 
computational model for real-time tissue spectrum clas-
sification and ablation size assessment, and an ex vivo 
porcine cardiac sample for experimental validation. The 
method could evaluate the RFA lesion size due to the 
thermal changes in chromophore composition of the 
investigated tissue in the NIR region.44

Additionally, a study of brain tumour identification was 
successfully achieved within ~1 min to identify normal 

and cancer regions by measuring the diffuse reflectance 
from the light source (tungsten halogen lamp, 150 W, 
400–2200 nm) illumination, using two different HSI 
systems covering the spectral range of 400–1700 nm. 
Hardware acceleration was used to speed up the 
processing time during surgery.45 The same technique 
was utilised for non-invasive optical imaging for breast 
cancer investigations.46,47 Additionally, a low-cost system 
was used to differentiate between normal and malignant 
breast tissue.48

Another study investigated the variations in 
photoacoustic response signatures of normal and breast 
tumour tissue.49 Additionally, the prospective HSI tech-
nique achieves successful results in measuring tissue 
oxygenation in diagnostic and therapeutic diseases 
for phlebotomy and non-contact oxygen saturation 
approaches.50 De Landro et al. presented the assess-
ment of LTA outcome in in vivo porcine liver51 and gastric 
mucosa.52 Takeshi et al. described the monitoring of 
hepatectomy associated with developing software to 
overlay HSI images,53 and Boris et al. focused on moni-
toring blood perfusion for colorectal resections.54

Akbari et al.55 presented a study to detect non-invasive 
prostate cancer by measuring the various tissue pixel 
reflectance, using two different systems. The first system 
was an in vivo imaging system (Caliper, Hopkinton, MA), 
which was utilised to capture hyperspectral images for an 
animal scan at 25 μm/pixel resolution, with a wavelength 
range of 450~950 nm at 2-nm increments. The system 
used a light source (Xenon, Cermax-type, 300 W, 5600°K) 
that spans the electromagnetic spectrum from 500 nm to 
950 nm. In the second system, a microscopic imaging 
system was used to scan pathology slides by capturing 
high-resolution images to permit the identification of the 
slight spectral differences in tissue, the system has a solid-
state tuneable filter with a spectral range of 420~720 nm. 
It uses the Sony IC × 285 2/3" format, 1.4-megapixel 
(1392 × 1040 pixels), monochrome progressive scan CCD 
sensor. Each pixel measures 6.45 μm2. The analysis of 11 
mice demonstrated that the specificity and sensitivity 
of the HSI system was 96.9 ± 1.3 % and 92.8 ± 2.0 %, 
respectively.55

Liver tissue interacts with light according to its optical 
properties (e.g., type/size/density/colour) to provide 
several wavelength-dependent optical features such as 
transmission, absorption and diffuse reflectance.56,57 The 
fundamental goal of this investigation is to estimate the 
diffuse reflectance signal, using a spectral imaging system 
to recognise and measure the spectral signature of ex vivo 
liver samples.
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This feasibility study was part of a series of exper-
imental work to highlight the HSI capabilities in RFA 
observations. Aref et al. used the HSI of ex vivo cow liver 
to evaluate the variations of the tissue optical properties 
with different responses to light (transmission, specular 
reflection, absorption and diffuse reflection) over the 
whole spectral range and selected the best wavelengths 
that can distinguish between the different regions 
(normal/thermally influenced/ablated), see Figure A2 in 
the Appendix.58–60

This study aims to monitor the RFA of the investi-
gated ex vivo liver samples to distinguish between the 
normal and the ablated regions, as well as the thermally 
affected regions by measuring the diffuse reflectance 
(Rd) with two different systems. Initially, a hyperspectral 
(HS) camera with a polychromatic light source (tungsten 
halogen lamp) within the spectral range 348–950 nm 
was employed. Then, the light source was replaced with 
monochromatic LEDs (415, 565 and 660 nm) and a 
commercial CCD camera used instead of the HS camera. 
An algorithm, comprising image enhancement (normal-
isation and moving average filter) and image segmenta-
tion with K-means clustering, was developed to char-
acterise and evaluate the differences in the reflectance 
properties of the normal and the ablated regions as 
well as the thermally affected regions of the ex vivo 
bovine liver samples. Both the commercial and low-cost 
systems could be useful during surgery and aid the 
surgeon in achieving tumour necrosis by monitoring the 
thermal ablation and avoiding the unnecessary thermal 
effect.49,61

Materials and methods
In this section, the procedure and methods for the devel-
opment of trials on RFA of ex vivo bovine liver tissue 
will be explained, as well as the individual components 
and their inter-relationships. The imaging system is 
comprised of seven different elements: the HS camera, 
the CCD microscopic camera, the thermal camera, the 
RF generator, the light source (polychromatic or LEDs), 
the computer and its image processing software, and 
the liver sample on the white optical board. The first 
system exploits the HS camera with a polychromatic 
light source (tungsten halogen lamp, Derungs, 20P SX, 
20  Watt) within the spectral range 348–950 nm, as 
shown in Figure 1a. The second system uses a commer-
cial CCD camera with monochromatic LED illumination 
(at 415, 565 and 660 nm), Figure 1b. A block diagram of 

the image processing algorithm sequence is presented in 
Figure 1c.

It takes about 6–10 s to capture each image and <15 s 
for calculation using the DADiSP/SE software (DSP 
Development Corporation, SE, 2017, USA) on a laptop 
with an Intel Core i7 @1.8 GHz processor with 16 GB of 
RAM.

Sample preparation
Thermal ablation was performed on five samples from the 
single bovine liver of a freshly slaughtered animal which 
was acquired from a local slaughterhouse and transferred 
in an icebox. The investigated liver portion was cut into 
five different samples of approximately 5 × 5 cm slices 
with an average weight of ~100 g for the experimental 
investigation. The liver samples were packaged in an 
evacuated wrap using polyethylene (PE) film for preser-
vation purposes. The preserved liver samples were stored 
at freezing temperature (< –70 °C). The investigation was 
carried at room temperature (24–26 °C). For the RFA 
procedure, the liver sample is taken out of the freezer and 
left in a phosphate-buffered saline (Sigma, P-3813, USA, 
pH 7.4) until it reaches ambient temperature (24~26 °C), 
monitored with a thermocouple connected to a multi
meter (Fluke, 289, USA).

A total of five ablations were performed on the various 
ex vivo liver samples using an RFA system (Premier, 2001e, 
France), using a 1.2 mm RF tip with a 2 cm active blade 
length. The tip was inserted around 2 cm into the liver 
sample under test, and RF power of 50 W was applied for 
2–4 min using the RF generator’s impedance-controlled 
force beating computation to shape ablations ranging in 
size from around 10 × 10 mm.

All ablations were imaged within 10 min of thermal 
ablation and the measurement repeated three times using 
HSI. Following data acquisition, markers (a transparent 
ruler placed on a high reflection board) were added to the 
imaging plane on the different sides of the electrode, and 
the investigated sample was sliced through the ablated 
region plane and imaged with both the microscopic CCD 
camera and the image scanner (HP LaserJet Pro MFP 
M125, USA); Details are presented in Figure A3 in the 
Appendix for more detail.

The acquired image of the ablation region in the ex 
vivo bovine liver tissue was examined at 1200 dpi 
(scanner resolution) for better comparison with the spec-
tral data. Contour mapping examination of the frame-
work calculation was carried out to identify undesirable 
thermal damage that was caused by heat conduction 
from the ablation device. Yellow dashes represent the 

https://www.google.com/search?sa=X&sxsrf=ALeKk02BKtbTOilbFvGPPZpZm5Db6biuzg:1584368770815&q=DSP+Development+Corporation&stick=H4sIAAAAAAAAAONgVuLSz9U3iK9KyzOwWMQq7RIcoOCSWpaak1-Qm5pXouCcX1SQX5RYkpmfBwCqblQ0LAAAAA&ved=2ahUKEwi6-JvOmZ_oAhUS3IUKHebkCBgQmxMoATAPegQIDhAD
https://www.google.com/search?sa=X&sxsrf=ALeKk02BKtbTOilbFvGPPZpZm5Db6biuzg:1584368770815&q=DSP+Development+Corporation&stick=H4sIAAAAAAAAAONgVuLSz9U3iK9KyzOwWMQq7RIcoOCSWpaak1-Qm5pXouCcX1SQX5RYkpmfBwCqblQ0LAAAAA&ved=2ahUKEwi6-JvOmZ_oAhUS3IUKHebkCBgQmxMoATAPegQIDhAD
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ablated region and red dashes the thermally affected 
region (Figure 2). After RFA and recording data with both 
the HS camera and the CCD camera, each sample was 
preserved in a tissue storage solution (MACS media, 
100 mL, Germany) to provide optimised storage of the 
fresh organ and tissue samples, and packaged in evacu-
ated wrap bags before being sent to the histopathological 
laboratory.

The gold standard for biopsy investigations is pathology. 
However, it is intrusive, costly, time-consuming (slicing, 
sample staining and microscopic analysis) and requires 
highly trained specialists and pathologists.12,62–64 On the 

other hand, HSI is an optical imaging method that can 
quantify the whole investigated sample in a short time 
(3.6 s per HS image), without tissue contact and without 
the requirement for exogenous contrast agents.

The ablation regions generated from the RFA were 
evaluated on the ex vivo bovine liver, followed by image 
processing of the captured spectral data. The output 
results were then compared with the actual images 
by an expert pathologist to verify their consistency 
with the predicted area calculated by the algorithm 
system. For sample #1, the thermal area was manually 
measured after pathology evaluation (pathology is the 

Figure 1. Schematic diagram of the optical imaging system. (a) HSI system utilising a polychromatic light source (Derungs, 
20P SX, 20 Watt) with spectral range of 400~950 nm. (b) The CCD camera using monochromatic LEDs for illumination with 
wavelengths of 415, 565 and 660 nm for thermal, ablated and normal region detection. (c) Block diagram of the image 
processing algorithm sequence for the ex vivo liver tissue for both HS and CCD imaging systems to correlate the impacts of 
thermal ablation with target organ RFA.
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ground truth to validate tissue necrosis and thermal 
effects), as width (W) of 1.21 ± 0.14 cm and length (L) 
of 2.11 ± 0.09 cm. Whereas, for the ablation region we 
obtained W = 0.4 ± 0.07 cm and L = 1.8 ± 0.12 cm. Each 
image pixel corresponds to a specific area on the biolog-
ical tissue surface of around (0.21 mm2), with a resolu-
tion of ≤0.4 mm.

Optical imaging arrangement for thermal liver 
ablation observation
To acquire the HS image information, we utilised a push 
broom (line‐scanning) HS camera in our investigation 
(Surface Optics, SOC710, USA) with spectral range of 
400–1000 nm, 5 nm spectral resolution and 10° lens 
(Schneider, 1.9/35 CCTV-LENS, 400–1000 nm). Each 

Figure 2. Monitoring and assessment of the thermal depth (z-axis) of a liver sample. (a) Acquired RGB image for the RF 
active blade length. (b) Cross-section for the RF tip insertion in the liver tissue with position alignment. (c) Scanned image 
for liver tissue plan view of the sample (coronal plan cross-section) at 1200 dpi resolution to compare it with the predicted 
thermal area (yellow dashes represent the ablated region and red dashes represent the thermally affected region).

Figure 3. (a) The custom optical imaging system using the HS camera and the polychromatic light source: (1) electrosurgi-
cal generator (Premier; 2001e, France); (2) HS camera (Surface Optics, SOC710, USA); (3) the polychromatic light source 
(Derungs, 20P SX-20 Watt, Germany); (4) the investigated ex vivo liver sample on a white tile with high reflectance (Avian 
Technologies, FWT-99-300R058, UK). (b) The custom optical imaging system utilising the CCD camera and the monochro-
matic LEDs: (1) the CCD camera (Microscopic, 500X, China); (2) the monochromatic LEDs driver (Thorlabs, DC4100-HUB, 
0–1000 mA, USA); (3) the LEDs at 415, 565 and 660 nm; (4) the investigated ex vivo liver sample on a white tile with high 
reflectance (Avian Technologies, FWT-99-300R058, UK).
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as identified by the pathologist and as displayed in 
Figures 2c and 4e. The size of each pixel represents 
0.22 × 0.22 mm of the tissue surface, however, diffuse 
reflectance achieved with HSI means that the sampling 
volume is much larger. Consequently, the diffuse reflec-
tance of an individual pixel might represent a spatial reso-
lution for tissue differentiation of ≤0.4 mm.

Image analysis and pre-processing
Image analysis integrates normalisation and de-noising 
of the raw data image of the reflectance measure-
ments to remove the intensity effect and focus on 
wavelength differentiation. To reduce processing time, 
we selected six spectral images to apply the image 
processing from 450 nm to 750 nm with a resolution of 
50 nm, rather than the 128 frames from the HS cube. 
Each raw image is filtered using normalisation and a 
moving average filter. To remove unnecessary noise, 
we applied cross-correlation between the filtered 
images and the reference (polychromatic) light source. 
We identified the prospective spectral images at wave-
lengths 550, 600, 650 and 700 nm at a collage image 
window, where each wavelength provides different 
information concerning the optical variation of the 
tissue. At each wavelength, we could vary the identi-
fied region by changing the K-means value. We utilised 
K-means clustering (KMC) for up to eight clusters to 
identify the ROI at each wavelength and produce a 
contour map.

As the temperature of the sensor of the camera rises 
due to extended usage or longer exposure times, the 
black level and the noise of the sensor increase signifi-
cantly. Moreover, dark current effects are corrected after 
the recording of the data cube using the image processing 
algorithm we developed. The camera collected and 
processed the data from the electromagnetic spectrum 
computing the reflectance spectra generated from the 
investigated sample. To convert image data from radiance 
to relative reflectance, we captured a white reference 
cube with a high diffuse reflectance before the measure-
ments; this also enabled us to correct for spatial differ-
ences in the lighting.67

One of the main steps in HSI for data normalisation 
is to acquire a highly reflective image (white cube scan) 
and a completely dark scan (black cube scan).66 The dark 
scan cube and the white reference cube are considered 
to be the initial steps for the HS imager calibration and 
image correction. They work with the custom algorithm 
to remove any artefacts and noise from the investigated 
samples,68 as shown Equation (1):

scanned spectral cube image consisted of 128 frames, 
each of which represents a specific wavelength.

HS cameras usually require controlled lighting of 
the captured region to avoid any external interference 
(e.g., room illumination/daylight effect/time of each 
exposure and entire experiment/temperature). The 
illumination system used initially was a polychromatic 
light (Derungs, 20P SX, 20 Watt, Germany) with a spec-
tral range of 400 ~ 950 nm. This type of light is suitable 
for HSI purposes because of its broadband, tempera-
ture-stable, uniform distribution over the samples and 
the marker (ruler), and that it can be calibrated from 
the reference response of the whiteboard; see Figure 
3a.

Later, the HS camera was replaced with a commer-
cial CCD camera (Microscopic, 500X, China) and the 
polychromatic light source was replaced with a mono-
chromatic (blue, green, red) LED source, (Thorlabs, 
DC4100-HUB, 0–1000 mA, USA) at wavelengths of 415, 
565 and 660 nm, respectively; see Figure 3b.

The RFA procedure was continuously monitored by a 
thermal camera (FLIR, ETS 320, USA), which recorded 
the temperature during the treatment of the investigated 
ex vivo sample. Additionally, we used a multimeter (Fluke, 
289, USA) and a suitable thermocouple for the sample 
temperature measurements; see Figures A4 and A5 in 
the Appendix.

Hyperspectral image acquisition
HS cameras generate a 3-dimensional (3D) data struc-
ture, called a hypercube, where the spatial information is 
found in the first two dimensions, while the third dimen-
sion contains the spectral information.65,66 In every HS 
image, each pixel in the scanned image had a different 
spectral response which varies depending on the selected 
wavelength and the tissue characteristics.45

Three different types/arrangements of hyperspec-
tral images were obtained for each investigated liver 
sample. Each sample was around 4 × 5 cm and was placed 
in a customised and plexiglass box, with dimensions 
(width × length × depth) of 10 × 15 × 5 cm, which main-
tained the samples at a stable temperature. Line-scan 
images were recorded for 6 ms at 4.68 nm spectral inter-
vals, and each frame comprised 600-line scans equiva-
lent to 600 × 502 pixels per wavelength band (3.6 s per 
HS image). The HS images were comprised of 128 spec-
tral groups in the range 379–1050 nm, integrated with a 
lens range of 400–1000 nm.

The region of interest (ROI) corresponds to the 
ablated and the surrounding thermally affected regions 
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where RF(φ) is the absolute reflectance of the input 
image, Im(φ) is the captured image, Id(φ) is the dark image 
acquired by closing the lens cap and Iw(φ) is the acquired 
image of the white board.

Spectral mapping and acquisition
The acquired HSI cube of the investigated ex vivo liver 
tissue samples comprises 128 frames (128 spectral 
images) over the whole spectral range of 400–1000 nm. 
From the measured reflectance, we could identify the 
spectral signature for each region (normal, ablated and 
thermally affected) across the scanned tissue. The custom 
processing algorithm incorporates image filtering for the 
raw image data with normalisation and moving average 
filter, as shown in Equations (2) and (3).

	
( )

new

new new
preceding preceding new

preceding preceding
  

I
max min

I min min
max max

=

-
- +

-





 
		  (2)

where the n-dimensional greyscale preceding image 

preceding : { }nI A BÍ  with intensity values in the range 
given by (minpreceding,maxpreceding) is mapped to a new image 

new : { }nI A BÍ  with new intensity values in the range given 
by (minnew,maxnew).

We utilised the moving average filter for noise elimina-
tion and image improvement,69
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where S is the noisy image, f(x × y) is the restored image, 
and r and c stand for the row and column coordinates, 
respectively, within a window W of size q × t.

To remove unnecessary noise, we applied cross-
correlation between the filtered images and the 
reference (polychromatic) light source. We could 
vary the identified region (normal, ablation, ther-
mally affected) by changing the K-means value.59 
Generally, contour delineation is an early step for 
target or organ identification to achieve successful 
image-guided therapy, usually for some additional 
processing such as evaluating the characteristics of 
ROIs or construction of quantitative measurements 
to observe disease progression.70 Then, contour 
delineation is applied at each wavelength and the 

K-means value is changed to reach the optimum 
value for region identifications.

Since image segmentation is usually applied to trace 
objects and boundaries, and it is also vital for feature 
extraction, image measurements and object display in the 
field of medical images, we used it to delineate the ROIs 
from the images.71,72

Finally, we conclude that a longer wavelength 
penetrated deeper into the investigated tissue and 
that lower wavelengths were mainly superficial, and 
that superimposition of all the image segments at 
550, 600, 650 and 700 nm provides the optimum 
spectral image. So, we combined the four selected 
wavelengths to provide a complete region identifi-
cation. Furthermore, the contour image was over-
lapped on the spectral pictures, where green repre-
sents the normal tissue region, red identifies the 
thermal damage regions and the ablated region is 
cyan.

We initially scanned the investigated samples with the 
HS camera to measure Rd, utilising a polychromatic light 
source with spectral range of 348–950 nm, to select 
the optimum wavelength ranges to identify the spec-
tral signature of the various regions. Then we repeated 
the experiment replacing the polychromatic light source 
with the blue/green/red LEDs at 415, 565 and 660 nm, 
and using a commercial CCD camera instead of the HS 
camera.

The contrast of the scanned images with the CCD 
camera and LEDs at 415, 565 and 660 nm was compared 
by histogram stretching and shown in a bar graph,73–75 as 
explained in Equation (4):

	
1

  
n

i i
i

h Cw fD
=

= ´å 	 (4)

where the area of the histogram is h, the class width is Cw 
and the frequency density is (fD).

Every pixel point in the investigated sample has 
different relative reflectance at the various wave-
lengths that produce the spectrum plot. This is due to 
the thermal effect, as well as the ablated region having 
different optical properties (the measured reflectance 
signature) in the investigated liver tissue compared to 
the normal liver tissue. The various regions were iden-
tified by the pathologist and the spectral signature for 
each region was measured. We applied custom image 
processing, initially on the HS data, then on data of 
the CCD camera to differentiate between the various 
regions.
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Results
We imaged the five ex vivo liver samples before and after 
RFA with the HS camera to identify the spectral signature 
for each region (normal, ablated and thermally affected) 
by measuring the Rd signature of the selective pixels, as 
shown in Figure 4a. We used the spectral signature of 
the scanned pixel points from side-penetration RFA over 
400–1000 nm as a guide to highlight the differences 
between the regions (normal, ablated and thermally 
affected), as shown in Figure 4b. In addition, the spectral 
signature of the surface RFA of ex vivo liver samples has 
been identified in a previously published paper.59

The diffuse reflectance signatures were computed from 
the mean of the three different regions of the complete 
investigated liver tissue samples, which were validated 
later by the pathologist after thermal ablation and slicing, 
as shown in Figure 4c–e. The investigated samples after 
RFA were sliced and stored in evacuated wrap bags with 
tissue storage solution for later evaluation by the pathol-
ogist to confirm the ablated and the thermally affected 
regions, and compare them with the output of the system 
image processing algorithm.

From the mean values of the measured Rd signatures 
from the three different regions (normal, thermal and 
ablated regions) of the investigated ex vivo liver tissue 
samples subject to side-penetration RFA, as shown in 
Figure 4b and compared to the previously measured Rd 
signatures of surface RFA, we were able to build Table 1. 
We used six groups to guide us in selecting the optimum 
wavelength for each group, which could identify the three 
various regions (normal, thermal and ablated regions). 
Additionally, this was used later to select the suitable 
wavelength of the monochromatic LED source which will 
replace the polychromatic light source.

We used the spectral signatures shown in Figure 4b 
and Table 1 as a guide to select the optimum spectral 
images which could discriminate between the normal, 
thermal and ablated regions. Then, we selected six spec-
tral images to apply the image processing from 450 nm 
to 750 nm with resolution of 50 nm (450, 500, 550, 600, 
650 and 700 nm). Each raw image was filtered utilising 
normalisation and moving average filter. Furthermore, 
in order to remove unnecessary noise, we applied cross-
correlation between the filtered images and the captured 

Figure 4. The HS cube image of the investigated ex vivo liver sample. (a) Highlighting the extracted pixel points 
to measure the reflectance of each affected region of the normal liver tissue. (b) The spectral signature of the 
scanned pixel points for the considered wavelength range (400–1000 nm) and highlighting the spectral differ-
ence between the regions. (c) RGB image for the investigated liver sample to demonstrate that no data can be 
extracted with the naked eye. (d) Side view of the liver sample to show the RFA effect. (e) Cross-section of the 
investigated liver sample to show that each different region represents a unique spectral signature (red, blue, 
brown and green).
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signature of the polychromatic light source from the 
whiteboard reference, as shown in Figure 5a. The filtered 
images for the spectral images (450, 500, 550, 600, 650 
and 700 nm) are shown in Figure 5b–g, respectively.

We identified the prospective spectral images at 550, 
600, 650 and 700 nm at a collage image window, where 
each wavelength provides different information. At 
each wavelength, we could vary the identified region 
by changing the K-means value, as shown in Figure 5h. 
Finally, the superimposition of all the image segments 
produces the optimum spectral image, from which we 
could identify the various regions [normal region in light 
green (cyan), ablated region in light blue, highly thermally 
affected (Thermal #1) in dark orange and the low ther-
mally affected (Thermal #2) in yellow-light orange], as 
shown in Figure 5i. “Further details are shown in Figure 
A6 in the Appendix.

For further clarification, the captured RGB image of the 
investigated sample with a CCD camera is presented on 
the left of Figure 6a and its thermal image on the right 
at the acquired temperature for tissue necrosis (≥60 °C). 

Next, we applied image segmentation with K-means 
and contour delineation for the different regions for the 
selected prospective spectral images at 550, 600, 650 
and 700 nm, as shown in Figure 6c. Each wavelength 
provides different information related to the optical 
properties of the tissue, since the longer wavelength 
(700 nm) penetrated deeper into the investigated tissue 
and the shorter wavelength (550 nm) was only superfi-
cial. Moreover, the regions for the mean value of each 
wavelength could vary between regions. Finally, we 
conclude that the superimposed (combined image) of all 
the spectral images at 550, 600, 650 and 700 nm is the 
optimum spectral image, where we could identify the 
various normal, ablated and thermally affected regions, 
as shown in Figure 6e.

The same procedure and image processing were 
applied to the side-penetration RFA samples, as shown 
in Figure 6b (left) for the RGB image of the investi-
gated sample with a CCD camera and its thermal image 
(right) at the temperature for tissue necrosis (≥60 °C). 
Then, the applied image segmentation with K-means 

Figure 5. (a) The white reference response of the polychromatic light source, (b) the ex vivo bovine liver sample after 
ablation for the spectral image at wavelength 450 nm, (c) sample spectral image at wavelength 500 nm, (d) sample spectral 
image at wavelength 550 nm, (e) sample spectral image at wavelength 600 nm, (f) sample spectral image at wavelength 
650 nm, (g) sample spectral image at wavelength 700 nm, (h) the selected prospective spectral images of the side-pene-
tration RFA at 550, 600, 650 and 700 nm after applying image segmentation with K-means and contour delineation for 
the different regions (i.e., normal, ablated, thermally affected), (i) the superimposed image of side-penetration RFA of the 
investigated ex vivo liver sample for the spectral images at 550, 600, 650 and 700 nm, where we could identify the various 
regions (the normal region in light green (cyan), ablated region in light blue, highly thermally affected (Thermal#1) in dark 
orange and the low thermally affected (Thermal#2) in yellow-light orange.
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and contour delineation for the different regions for 
the selected prospective spectral images at 550, 600, 
650 and 700 nm, as shown in Figure 6d where each 
wavelength provides different information related to the 
optical properties of the tissue, as the longer wavelength 
(700 nm) had greater penetration into the investigated 
tissue and the lower wavelength (550 nm) was only 
superficial. Moreover, the regions for every wavelength 
could be varying concerning the mean value. Finally, we 
conclude that the superimposed (combined image) of 
all the spectral images at 550, 600, 650 and 700 nm is 
the optimum spectral image, where we could identify 
the various regions (normal, ablated, thermally affected) 
regions, as shown in Figure 6f.

Figure A7 in the Appendix provides additional clarifica-
tion for the superimposed captured image of surface RFA 
and side-penetration RFA to identify the various regions 
and their colour coding.

Next, we select the suitable wavelengths of the 
required monochromatic LEDs source with respect to 
the spectral signature in Figure 4b and Table 1. Then, the 
light source was replaced with the commercially available 
LEDs (Thorlabs, USA) at 415, 565 and 660 nm. We used 
the CCD camera instead of the HS camera to build a 
low-cost system capable of identifying the same regions 
by measuring the Rd. Each sample was illuminated with 
one of the monochromatic LEDs (415, 565 and 660 nm), 
as displayed in Figures 7a–c, respectively. Regarding the 

Figure 6. (a) Left: the captured RGB image of the investigated ex vivo liver sample for surface RFA with a commercial CCD 
camera. Right: the thermal image of the same sample at the temperature required for tissue necrosis (≥60 °C). (b) Left: 
the captured RGB image of the investigated ex vivo liver sample for side-penetration RFA with a commercial CCD cam-
era. Right: the thermal image of the same sample in the at the required temperature for tissue necrosis (≥60 °C). (c) The 
selected prospective spectral images of the surface RFA at 550, 600, 650 and 700 nm after applying image segmentation 
with K-means and contour delineation for the different regions (normal, ablated, thermally effected). (d) The selected spec-
tral images of side-penetration RFA at 550, 600, 650 and 700 nm after applying image segmentation with K-means and 
contour delineation for the different regions (normal, ablated, thermally effected). (e) The superimposed image of surface 
RFA for the spectral images at 550, 600, 650 and 700 nm, where we could identify the various regions (normal region 
in yellow, ablated in cyan, thermally effected in orange and the highly thermally effected by the blue contour region). (f) 
The superimposed image of side-penetration RFA for the spectral images at 550, 600, 650 and 700 nm, where we could 
identify the various regions (normal region in yellow, ablated in cyan, thermally effected in orange and the highly thermally 
effected with the blue contours).
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histogram analysis for each image, the samples illumi-
nated with the blue LED (415 nm), the green monochro-
matic LED (565 nm) and the red LED (660 nm) sources, 
are shown in Figure 7d–f, respectively. The histogram is 
related to the image contrast. So that, a more stretched 
histogram indicates a larger number of pixels and ones 
which are well distributed over the whole image, as a 
result of an image with good contrast. Finally, we noticed 
that each wavelength gives different information, from 
low penetration with a shorter wavelength (415 nm) to 
high penetration with longer wavelength (660 nm).

The histogram analysis which illustrates the image 
contrast for each sample illuminated with specific mono-
chromatic LEDs and the histogram analysis of the combi-
nation of the three wavelengths together is displayed in 
Figure A8 in the Appendix.

Figure 8 illustrates the image processing of the inves-
tigated ex vivo liver samples captured with the commer-
cial CCD camera and illuminated with the LEDs. The 
captured RGB image of the investigated ex vivo liver 
samples is displayed in Figure 8a, the captured images 
of the investigated ex vivo liver sample illuminated with 
the blue LED (415 nm), green LED (565 nm) and red 
LED (660 nm) are displayed in Figure 8b–d, respectively. 
Then, we removed the noise and enhanced the captured 
images with the image enhancement process (normal-
isation and moving average filter), as shown in Figure 
8e–g, respectively. Furthermore, applying the contour 
delineation for the different regions (i.e., normal, ablated, 
thermally affected) after applying image segmentation 
with the K-means method and the regions vary regarding 
the mean value. Finally, we overlaid the contour deline-
ation of the captured RGB image of the investigated ex 
vivo liver sample, as presented in Figure 8i.

To evaluate the customised low-cost system perfor-
mance, we utilised one of the previous samples which had 
been monitored with the HS camera and the polychro-
matic light source. The investigated ex vivo liver sample 
after surface RFA was captured with the CCD camera 
and illuminated with the red LED (660 nm), as shown in 
Figure 9a. We applied the same image processing, which 
incorporates noise removal, image enhancement with 
normalisation and moving average filter, as displayed 
in Figure 9b. Then, image segmentation with the KMC 
method highlighted the ablated and the thermally 
affected regions by changing the mean value, as shown 
in Figure 9c and d, respectively. Furthermore, we overlaid 
the image of the contour delineation for the ablated and 
the thermally affected regions over the captured image 
of the investigated ex vivo liver sample, as displayed in 
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Figure 9e and f, respectively. We repeat the same steps 
of the captured image for side-penetration RFA of the 
investigated ex vivo liver sample, as shown in Figure 10.

Discussion
Non-invasive thermal ablation, such as RFA, MWA and 
laser ablation, is a leading therapeutic approach for 
non-resected liver tumours, where thermal observa-
tion with a well-chosen image‑guided system is vital to 
achieving succesful removal of tumours with the least 
possible thermal damage to other liver tissues.76–79

The work presented in this study aims to establish a 
commercial, low-cost optical imaging system to eval-
uate the observation of RFA on ex vivo liver samples 
to distinguish between the normal, ablated and ther-
mally affected regions by measuring the Rd of these 
regions. RFA trials were conducted on five different 
ex vivo normal bovine samples and monitored initially 
by an HS camera with spectral range of 400–1000 nm 
and with a polychromatic light source with range of 
348–950 nm.

The measured Rd of each pixel was generated from 
the thermal and ablated regions of the investigated liver 
tissue surface compared to normal tissue (the liver sample 
region which had been affected by neither ablation nor 
thermal), as shown in Figure 4a. The degree and level of 
the thermal effect on the tissue could be related to the 
spectral wavelength and used to distinguish the selective 
regions. The Rd signatures were computed from the mean 
of the three different regions on the investigated liver 
tissue sample. The regions were identified later by the 
pathologist after thermal ablation and slicing, as shown 
in Figure 4c–e. These derived signals are shown in the 
spectra highlighting the distinctive spectral signatures of 
the normal, ablated and thermal regions, as displayed in 
Figure 4b.

Table 1 demonstrates the calculation of the standard 
deviation (δ) between the six generated groups. The δ 
at 660 nm was capable of distinguishing between the 
normal and the thermal effect (T1) region group, the 
normal and the thermal effect (T2) region group and the 
normal and the ablation region group. However, the δ at 
540 nm was the best for differentiating between the T1 
and T2 region group and the T1 and the ablation region 

Figure 7. The histogram analysis of the investigated ex vivo liver samples captured with the commercial CCD camera and 
illuminated with the monochromatic LEDs at 415, 565 and 660 nm. (a) The captured image of the ex vivo liver sample with 
the monochromatic blue LED at 415 nm. (b) The captured image of the ex vivo liver sample measured with the monochro-
matic green LED at 565 nm. (c) The captured image of the ex vivo liver sample with the monochromatic red LED at 660 nm. 
(d) The histogram stretching analysis to measure the image contrast of the captured image with the blue LED at 415 nm. (e) 
The histogram stretching analysis to measure the image contrast of the captured image with the green LED at 565 nm. (f) 
The histogram stretching analysis to measure the image contrast of the captured image with the red LED at 660 nm.
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group. Finally, the δ at 420 nm was ideal for discrimi-
nating between the T2 and the ablation region groups.

We used the spectral signatures of the side-penetration 
RFA ex vivo liver samples from Figure 4b, in addition to 
the previous measured spectral signature of the surface 
RFA ex vivo liver samples59 and the calculation of the δ, 
as shown in Table 1, as a guide to selecting the optimum 
spectral images which can discriminate between the three 
regions (normal, ablated and thermal affected regions). 
The results of this step were used also for selecting the 
suitable wavelength of the monochromatic LED source 
which will replace the polychromatic light source.

Then, we selected six spectral images to apply the 
image processing from 450 nm to 750 nm with resolution 
of 50 nm, rather than the 128 frames from the HS cube 

to reduce processing time. Working on the entire HS 
cube (128 frames) will take at least 40 min. In contrast, 
when selecting the six spectral images, the processing 
takes only 324 s = 5.4 min. Each raw image had been 
filtered utilising normalisation and the moving average 
filter. Furthermore, to remove unnecessary noise, we 
applied cross-correlation between the filtered images 
and the captured signature of the polychromatic light 
source from the whiteboard reference, as shown in 
Figure 5a. The filtered images for the spectral images 
(450, 500, 550, 600, 650 and 700 nm) are displayed in 
Figures 5b–g, respectively.

We identified the prospective spectral images at the 
mentioned wavelengths, excluding the spectral images 
at 450 nm and 500 nm, as they did not provide enough 

Figure 8. The image processing of the investigated ex vivo liver samples captured with the commercial CCD camera and 
illuminated with the monochromatic LEDs at 415, 565 and 660 nm. (a) The captured RGB image of the investigated ex vivo 
liver sample with the commercial CCD camera. (b) The captured image of the investigated ex vivo liver sample illuminated 
with the blue LED (415 nm). (c) The captured image of the investigated ex vivo liver sample illuminated with the green 
LED (565 nm). (d) The captured image of the investigated ex vivo liver sample illuminated with the red LED (660 nm). (e) 
Using the image enhancement process (normalisation and moving average filter) for the captured image with the blue LED 
(415 nm). (f) Using image enhancement (normalisation and moving average filter) for the captured image with the green 
LED (565 nm). (g) Using image enhancement (normalisation and moving average filter) for the captured image with the 
red LED (660 nm). (h) The contour delineation for the different regions (normal, ablated, thermally affected) after applying 
image segmentation with K-means method. (i) The contour delineation for the different regions (normal, ablated, thermally 
affected) overlaid on the captured RGB image of the investigated ex vivo liver sample with the commercial CCD camera.
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information to distinguish between the different regions. 
Each wavelength provides different information and at 
each wavelength, we could vary the identified region by 
changing the K-means value, as displayed in Figure 5h.

Consistent with the principles of biomedical optics,56,57 
we observed that the longer wavelength pentrated further 
into the investigated tissue than the shorter wavelength. 
Then, we noticed that the spectral image from superimpo-
sition of all segments was the optimum, where we could 
identify the various regions: normal in light green (cyan), 
ablated in light blue, highly thermally affected (Thermal #1) 
in dark orange and low thermally affected (Thermal #2) in 
yellow-light orange, as shown in Figure 5i.

Figure 6 provides an additional explanation for the 
investigated ex vivo liver tissue surface RFA, which has 
been retrieved from the worksheet in Figure A6 in the 
Appendix, and the side-penetration RFA retrieved from 
the worksheet in Figure 5. Applied image segmentation 
with K-means could delineate the different regions from 
the selected prospective spectral images at 550, 600, 
650 and 700 nm, as shown in Figure 6c and d. However, 
each wavelength provides different information related to 
the optical properties of the tissue, as the longer wave-
length (700 nm) has greater penetration and the lower 
wavelength (550 nm) is more superficial on the investi-
gated tissue. Thus, the superimposed (combined image) 

Figure 9. (a) The captured image of the surface RFA for the investigated ex vivo liver sample meas-
ured with the commercial CCD camera and illuminated with the light source red LED (660 nm). 
(b) The captured image after image processing incorporating noise removal, image enhancement 
with normalisation and moving average filter. (c) The contour delineation for image segmentation 
of the captured image with the KMC method highlighting the ablated region. (d) The contour 
delineation for image segmentation of the captured image with the K-means method highlighting 
the thermally affected region. (e) The overlaid image for contour delineation of the sample ablated 
region over the captured image of the investigated ex vivo liver sample with the commercial CCD 
camera and the light source red LED (660 nm). (f) The overlaid image for contour delineation of 
the sample thermally affected region over the captured image of the investigated ex vivo liver 
sample with the commercial CCD camera and the light source red LED (660 nm).
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of all the spectral images at wavelengths (550, 600, 650 
and 700 nm) represents the optimum spectral image, as 
we could identify the various regions (normal, ablated, 
thermally affected) regions, as shown in Figure 6e and 
f. Additionally, Figure A7 in the Appendix demonstrates 
additional clarification for the superimposed image of 
both the surface and side-penetration RFA.

Next, we choose the suitable wavelengths for the 
monochromatic LEDs source based on the spectral 
signature in Figure 4b and Table 1. The light source was 
replaced with monochromatic LEDs at 415, 565 and 
660 nm (commercially available) and a commercial CCD 
camera was used instead of the HS camera to build a 
low-cost system capable of identifying the same regions 
by measuring the Rd. Each sample was illuminated with 
one of the three monochromatic LEDs, as displayed in 
Figures 7a–c, respectively. Regarding the histogram anal-
ysis for each image, the samples illuminated with the blue 
LED (415 nm) were highly absorbed, had low reflection 
and low contrast. The green monochromatic LED wave-
length (565 nm) was lower in absorption than the blue 
wavelength, leading to better reflection. However, the 
samples which illuminated with the red LED (660 nm) 
source, transmitted and had respectable contrast, as 
shown in Figure 7d–f, respectively.

We used histogram analysis to compare the pixel inten-
sity with the various wavelengths (frequencies). The histo-
gram is related to the image contrast. So that, the more 
stretched histogram means a large number of pixels, well 
distributed over the whole image, as a result of a good 
contrast image. Later, we noticed that each wavelength 
gives different information, from low penetration with 
the short wavelength (415 nm), to higher penetration at 
the long wavelength (660 nm). These results validate our 
previous results utilising the HS camera (Figure 6) and the 
biological tissue interaction with light, as shown in Figure 
A2 in the Appendix.

Figure A8 in the Appendix demonstrates the histogram 
analysis of the captured images for the investigated ex 
vivo liver samples with the commercial CCD camera and 
illuminated with the monochromatic LEDs at 415, 565 and 
660 nm, where the captured image with the blue LED illu-
mination at 415 nm is represented by the blue bars, green 
LED illumination at 565 nm by the green bars and red LED 
illumination at 660 nm by the cyan bars. Finally, the super-
imposed image of the three monochromatic wavelengths 
(blue + green + red) is represented by the red bars.

We applied the image processing to the captured images 
of the investigated ex vivo liver samples in Figures 8b–d. 
Then, we removed the noise and enhanced the captured 

Figure 10. (a) The captured image of the side-penetration RFA for the investigated ex vivo liver 
sample using the commercial CCD camera and illuminated with the red LED (660 nm). (b) The over-
laid image for contour delineation of the thermally affected region over the captured image of the 
investigated ex vivo liver sample with the commercial CCD camera and the red LED (660 nm). (c) The 
captured image after image processing (noise removing, image enhancement with the normalisa-
tion and moving average filter). (d) The contour delineation for image segmentation of the captured 
image with the KMC method higlighting the thermally affected region.
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images with the image enhancement process (normal-
isation and moving average filter), as shown in Figure 
8e–g. Subsequently, contour delineation was applied on 
normal, ablated and thermally affected regions resulting 
from the K-means segmentation of the image. Finally, 
we overlaid the contour delineation of the captured 
RGB image of the investigated ex vivo liver sample, as 
presented in Figure 8i.

To evaluate the performance of the customised low-cost 
system, we used one of the previous samples which had 
been monitored with the HS camera and the polychro-
matic light source. The investigated ex vivo liver sample 
after surface RFA was imaged with the CCD camera and 
illuminated with the monochromatic light source red LED 
(660 nm), since it had the largest penetration depth into 
the tissue (Figure 9a). Then the same image processing, 
which incorporates noise removal, image enhancement 
with normalisation and moving average filter, was applied 
(Figure 9b). Then, image segmentation with the K-means 
method highlighted the ablated and the thermally 
affected regions by changing the mean value, as shown 
in Figure 9c and d, respectively. Furthermore, we overlaid 
the image of the contour delineation for the ablated and 
the thermally affected region over the captured image of 
the investigated ex vivo liver sample, as shown in Figure 
9e and f, respectively. We repeated the same steps on 
the image from side-penetration RFA of the investigated 
ex vivo liver sample, as shown in Figure 10.

Finally, we could successfully identify the ablated and the 
thermally effected regions for the investigated ex vivo liver 
subjected to surface RFA with the system using the CCD 
camera and red LED (660 nm), as shown in Figures 9e and 
f, respectively, and from the results of the initial system 
using the HS camera, as presented previously in Figure 6c 
and e, and Figure A7a and b in the Appendix. However, 
imaging the side-penetration RFA with the system using 
the CCD camera and the red LED (660 nm), as shown in 
Figure 10b, provides minimal information regarding the 
ablation and the thermally affected regions due to the vari-
ation of the microscopic lens resolution compared to the 
results of the system from the HS camera (Figure 5, Figure 
6d and f and Figure A7c and d in the Appendix).

Conclusion
In brief, the proposed approach reveals the HS camera 
capabilities to provide useful information to assist 
surgeons by early delineation of the thermal effects to 
avoid overheating by ablation or incomplete treatment 

of the tumour site cell necrosis due to the lack of the 
accuracy and the reliability for the exploited method, or 
due to lack of experience. HSI is expensive compared to 
a commercial CCD camera; additionally, it cannot work 
in real-time, due to the time needed for image capture 
and processing. To overcome this, we initially used a HS 
camera to measure the Rd of the investigated ex vivo liver 
samples with a polychromatic light source covering the 
spectral range of 348–950 nm. These spectral signa-
tures and the calculation of the δ between the gener-
ated six groups provided the guidance to select three 
optimal wavelengths (420, 540 and 660 nm) to discrim-
inate between the various regions (normal, ablated 
and thermally affected). Next, we selected six spectral 
images (450, 500, 550, 600, 650 and 700 nm) to apply 
the image processing, and we found that the optimum 
for discriminating between the various regions is the 
superimposed spectral images at wavelengths 550, 600, 
650 and 700 nm. Later, the HS camera was replaced 
with a commercial CCD camera to measure the Rd with 
the commercially available monochromatic LEDs source 
light, at 415, 565 and 660 nm. The system was better 
at identifying the ablated and the thermally affected 
regions of surface RFA than the side-penetration RFA 
of the investigated ex vivo liver samples compared to 
the HS camera. However, we succeeded in reducing the 
capture and image processing time and providing satis-
factory information to highlight the ablated and thermally 
affected region with a low-cost system. Our examination 
was restricted to ex vivo liver tissue and we intend to 
do additional investigations on actual liver tumours for 
ex vivo samples in our future work, then moving further 
to endoscopic investigations, as illustrated in Figure A9 
in the Appendix. In the future, we plan to evaluate the 
system in real-time with various cases to consider all 
the limitations (such as heat sink effect of large vessels 
next to the ablation zone) and its advantages (low-cost 
system, non-contact).
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Figure A3. One of the investigated ex vivo bovine liver samples highlights the sample slicing and preparation, the 
thermal ablation procedure and then imaging with the hyperspectral camera within 5 min. Finally, the sample is 
sliced again from the centre of the ablated region and scanned with a commercial light scanner.
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Figure A4. The investigated ex vivo sample with the measurements from the thermal camera for the surface thermal 
ablation procedure to characterise the spectral signatures of the various regions (ablated, normal, thermally affected 
region). (a) The captured RGB image of the investigated ex vivo sample after ablation. (b–d) The temperature recording 
by the thermal camera (FLIR, ETS 320, USA) from the initial temperature (24 °C) to 73.4 °C was measured manually 
from the start of the experiment approximately every 10 s until the end of the experiment.

Figure A5. The investigated ex vivo sample with the measurements from the thermal camera for the side-penetration 
thermal ablation procedure to identify various non-visual regions (ablated, normal, thermally affected region). (a) The 
captured RGB image of the ex vivo sample after ablation; (b–d) temperature recording using the thermal camera (FLIR, 
ETS 320, USA) from the initial temperature (24 °C) to 73.4 °C was manually measured from the start of the experi-
ment approximately every 10 s until the end of the experiment.
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Figure A6. The custom image processing for the HSI of the ex vivo liver sample after surface thermal ablation. (a) The 
reflected light spectrum from the whiteboard reference. Spectral images at (b) 450 nm, (c) 500 nm, (d) 550 nm, (e) 600 nm, 
(f) 650 nm and (g) 700 nm. (h) Contour delineation of the correlated spectral images with the reference which identified the 
various regions in the sample (normal, ablated, thermally affected regions) at 550, 600, 650 and 700 nm). (i) Overlay of the 
contour mapping for the superimposed HS images at 550, 600, 650 and 700 nm to distinguish the thermal and ablation 
regions.
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Figure A7. (a) The superimposed image of the surface RFA of the investigated ex vivo liver sample for the spectral images at 
550, 600, 650 and 700 nm, where we could identify the various regions: the normal region in yellow, the ablated in cyan, 
the highly thermally affected (Thermal #1) in dark orange and identified with the blue contour region, and the low ther-
mally affected (Thermal #2) in light orange. (b) The captured image of the surface RFA of the investigated ex vivo liver sam-
ple. (c) The superimposed image of side-penetration RFA of the investigated ex vivo liver sample for the spectral images at 
550, 600, 650 and 700 nm, where we could identify the various regions: the normal region in light green (cyan), the ablated 
region in light blue, highly thermally affected (Thermal #1) in dark orange and the low thermally affected (Thermal #2) in 
yellow-light orange]. (d) The captured image of the side-penetration RFA of the investigated ex vivo liver sample.
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Figure A8. Histogram analysis of the captured images of the investigated ex vivo liver samples with the commercial CCD 
camera and illuminated with the monochromatic LEDs light source at 415, 565 and 660 nm, where the captured image 
with the blue LED illumination at 415 nm is represented by the blue bars, the captured image with the green LED illumina-
tion at 565 nm) by the green bars and the captured image with the red LED illumination at 660 nm by the cyan bars. Finally, 
the superimposed image of the three monochromatic wavelengths (blue + green + red) is represented by the red bars.

Figure A9. Illustration of the potential future application for the approach in our study to be used in in vivo experimen-
tal investigations with monochromatic LEDs (415, 565 and 660 nm) with the CCD camera.


