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Abstract
Whatever the type of surgery related to inner organs, traditional or robotic, the contact with them during
surgery is a key moment for pursuing the intervention. Contacts by means of surgery instruments namely
scalpels, staples, clamps, graspers, etc. are decisive moments. False, and erroneous touching and manoeuvring of organs operated on can cause irreversible damage as regard morphological aspects (outer impact)
and physiological aspects (inner impact). The topic is a great challenge in the effort to measure and characterize damages. In general, electrical instruments for surgery employ the following technologies: ultrasound,
radiofrequency (monopolar, and bipolar), and laser. They all result in thermal damages difficult to evaluate.
The article proposes a method for a pre-screening of organ features during robotic surgery sessions by pointing out mechanical and thermal stresses. A dedicated modelling has been developed based on experimental
activities during surgery session. The idea is to model tissue behaviour from real images to help surgeons to
be aware of handling during surgery. This is the first step for generalization by considering the type of organ.
The measurement acquisitions have been performed by means of an advanced external camera located over
the surgery quadrant. The modelling and testing have been carried out on kidneys. The modelling, carried
out through Comsol Multiphysics, is based on the bioheat approach. A further comparative technique has
been implemented. It is based on computer vision for robotics. The findings of human tissue behavior exhibit
reliable results.
Keywords: infrared imaging, robotic surgery, imaging for cancer detection, bioinstrumentation, laparoscopy,
biomedical measurements, biomechanical and stress.
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1. Introduction
Human organs, in general, and human tissue, in particular, in the case of surgery are subject
to heat and mechanical stress transfers. Certainly, there are different instrumental and analytic
techniques that may allow to know organ and tissue stiffness and heat [1]. However, these
techniques are generally noninvasive, except biopsy. Biopsy is a direct contact with the organ
to be characterized through histological analysis [2]. But the scope of the biopsy is not to fix
the issue by means of surgery but only to take some tissues for characterization. Hence, it is
an invasive method but not allowing to directly know the stress in real time. Moreover, during
surgery surprises can come forward especially in the case of tumor removal. Tissues of organs
change under heat and mechanical stress and this can alter the goals of the intervention. There
is a gap, then uncertainty, between surgery prediction before the activity begins and the real
post-surgery activity. That is why, to avoid negative reactions and unpredicted avalanche effects,
a modeling of surgery organ behavior is recommended. This kind of modeling falls within the
scope of surgery preparation with or without AVR (augmented virtual reality). Surgeons usually
do that regardless of the objective of this paper. During surgery, tissues are manipulated by
means of graspers made of metal, namely steel, that renders them stiffer than the organs and
the tissues under manipulation [3]. Damages, on tissue, produced by surgical instruments are
reported in many studies [4]; others have developed methods for knowing errors in tissue injury
due to graspers that reach 66% of all total cases in laparoscopic cholecystectomies including 13%
related to exaggerated force [5]. As consequences, different researches have been implemented
to optimize design and fabrication of graspers. In addition, modeling, as reported before, is
mandatory to assess stresses from the thermal and mechanical viewpoint to avoid trauma with
new a approach of grasper design and fabrication [6–8]. The key issue now is to know in advance
the right load exerted by surgical instruments on the human tissue. Surgeons have difficulties
to regulate the correct pressure; they need to define, for each organ, an optimal load volume
to protect organ tissue against trauma [9]. Anyway, image capturing remains the best way to
acquire information from the surgical field regardless the technology [10]. Mechanical stresses
in living tissue [11], with impact at cellular and subcellular context, can be determined with
2D traction force microscopy, micropillar arrays, monolayer stress microscopy and monolayer
stretching between flexible cantilevers. Traction force microscopy with 3D is also available.
For in vivo approach, the techniques generally used are based on deformable inclusions, laser
ablation and luminal pressure. From a general viewpoint, mechanical stress characterization, in
a quantitative manner, takes place according to classes related to cells and tissues: kinematics and
rheology [12–14]. Moreover, we can summarize all different techniques connected to mechanical
stress in Table 1 [15].
There is no real time technique for measuring organ stress during the surgery; it is generally
a delayed analysis taking time from 30 minutes up to 2 hours in case of complicated situations.
A combination of an image-processing technique along with a camera and the cell element method
based on the finite element method makes it possible to provide the calculated stresses as the
loads apply [16]. But as reported in this paper, thermal stress is easier to verify in quasi-real
time than the mechanical one thanks to the infrared camera, but the analysis is always delayed,
though for a much shorter time than in the case of the mechanical stress. The paper illustrates
the application of the concepts above on organ surgery, in particular, for the case of the kidneys.
Kidneys are paired bean-shaped organs located on either side of the spine in the upper part
of the abdomen. Each kidney is connected to the aorta and the vena cava by a single renal
artery and vein. By means of these blood vessels, the kidneys filter around 1200 mL/min of
blood. Each kidney consists of approximately a million of microscopic units denoted as nephrons
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Table 1. Summary of technique comparisons.
Measured
quantities
Optical/magnetic
tweezers

Cell junction
tension

FRET force probe Intramolecular

Birefringence

Tissue-scale
stress

Indentation/
Cell or aggregate
Microplates/AFM surface tension

Measurable
range

Time
scale∗

Size
scale∗∗

pN–nN

ms–min

pN

>s

nm

Requires different
Molecular
control constructs;
measurements
delicate calibration

> 10 kPa

>s

µm

Global

0.1 Pa

s-hours

Few to
100 µm

Absolute
Contact method
measurements

Few to
100 µm

Absolute
Contact method
measurements

Advantages

Disadvantages

Non-contact
Requires different
0.1−10 µm Absolute
control constructs,
measurements delicate calibration

Pipette aspiration

Cell or aggregate
µN/m–mN/m
surface tension

> 10 s

Subcellular laser
ablation

Cell junction
tension to
dissipation ratio

NA

s–min

Force inference

Relative cell
junction tension,
cell pressure

NA

Video rate

0.1−10 µm Non-contact

> µm

Image based,
global

∗ Time

scale of the mechanical processes that can be probed.

∗∗ Size

scale of the mechanical processes or mechanical elements that can be probed.

Required flat, transparent sample; delicate calibration

Possible collateral
damage
Requires image
segmentation

which are made up of two components: a glomerulus and a tubule. Apart from common kidney
deterioration conditions, in the case of lack of physical activities, especially in bedridden persons,
the kidneys often bring suffering and are likely to develop tumors with severe consequences to the
cardiovascular system. That is especially true as because, as mentioned before, the kidneys are
connected to the aorta and the vena cava. To avoid such consequences, robotic rehabilitation with
an appropriate bed is envisaged [17,18]. For quality control, it is also suitable to use other imaging
techniques, such as the pyelogram [19], already obsolete and uro Dyna-CT which, even though,
provides high quality images [20]. Some metrics can be used for the purpose of the paper such
as entropy [21], power spectral density (PSD) [22], percentage of region of interest (ROI) [23],
and sinogram [24]. Entropy is actually an important metric reporting features included the image
under test/processing. Let us consider a m × n image g having gray values (x 1, x 2, x 3, . . . , x k );
assuming p(x i ) as the probability of each pixel value x i in image g, it is possible to represent the
amount of information encompassed within each pixel can be described as
q(x i ) = −p(x i ) · log p(x i ) ,

(1)

for all the image g the total quantity of information will be obtained according to the following
Q(g) = −

k
X

q(x i ) .

(2)

i=1
n , and the local entropy of
Let us assume an image g to be segmented in n sub-regions hr i ii=1
each sub-region Q(r i ) can be computed by means of (2). It is then possible to calculate the image
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segmentation entropy Q1D [25] as
n
X

Q1D =

Q(r i ) − Q(g)

i=1

.

Q(g)

(3)

Given the fact that segmentation entropy is based only on the pixel value itself, it is also denoted
as 1-D image segmentation entropy. It exhibits the variation ratio of the entropy of segmented
images comparing with the original image. Hence, generally a single pixel information of an
image cannot exceed the ideal peak value. So, we can state that for most images, the larger Q1D is,
the more information from the segmented images we can obtain. Analogously, we can project the
same analysis in 2-D since this latter overcomes limitations encountered in 1-D and, related to the
fact Q1D is not able to describe the random distribution of pixel values, it does not point out the
strong correlation with its neighboring pixels. Q2D , denoted as 2-D image segmentation entropy
is able to overcome these issues given its ability to take into account both the pixel value itself
and the average value of its eight neighboring pixels [26] encompassing two entropy parameters
(x i, y j ). Therefore, the 2-D image entropy Q2D (g) of the original image is
Q2D (g) = −

k X
k
X

pi j · log pi j ,

(4)

i=1 j=1

in which pi j is the probability of each pixel in image g. The 2-D segmentation entropy, then, is
n
X

Q2D =

Q2D (r i ) − Q2D (g)

i=1

Q2D (g)

.

(5)

As for the principle of 1-D image segmentation entropy, probabilities of most pixel values as
well as their neighboring values are small. Thus, for most images, if the Q2D (g) is higher, more
information will be obtained from these segmented images. A second indicator that can be used
is the PSD with reference to stochastic process as it is in this paper. It is an important metric.
Let us X (t) a stochastic process in the time domain that is considered to be sampled over a finite
interval of time (−T/2; T/2) and denoted by XT (t). The Fourier transform of X (t) is given by
the following:
HT ( f ) = F {XT (t)} =
X

Z∞
XT (t)e
−∞

−2πi f t

dt =

ZT /2

X (t)e−2πi f t dt .

(6)

−T /2

HT and the phase spectrum is the argument of X
HT
The amplitude spectrum is the modulus of X
although these are generally not informative for physical applications, if ever. The energy spectral
HT by finding the expectation of the squared amplitude spectrum:
density is found from X


HT ( f ) 2 .
E( f ) = ε X
(7)
We note the necessity for the onvergence mentioned previously: as T grows to infinity, so too
does E( f ). We divide it by the interval length T to curb this growth which gives us an expression
6
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for power spectral density:
2


ZT /2






1
−2πi f t
−1

,
X (t)e
dt 
S( f ) = lim T E( f ) = lim ε 

T →∞
T →∞ 


T

 −T /2

(8)

which is real, non-negative, and exists for all stationary processes with zero mean and finite
variance. Equation 6 defines the double-sided PSD, because in the limit of T, the limits of
integration are ±∞. If X (t) is real, the power spectrum S( f ) is even; hence, we only need
estimates for f ≥ 0. The single-sided PSD is thus given by 2S( f ) for f ≥ 0. We can translate the
practical effect of 6 on a signal being processed as well as the image, too. The PSD, in its practical
meaning, allows to the understand the filtering effect when we construct a bandpass filter. Hence,
the energy outside the bandpass is zero. That is why we can express the PSD in W/Hz or in terms
of wavelength. The region of interest (ROI) is usually expressed as a surface or area delimited by
the interest of detecting a certain behavior of biological material under investigation.
The last indicator is the sinogram which comes from sinusoids produced to express a tomographic vision. Tomography allows to understand the different layers involved in the description
of an item through imaging. We are interested to understand what happens inside the different
spatial locations. Let us consider a function f (x, y) which corresponds to a single pulse, as
illustrated in Fig. 1a. If the pulse is set at the origin O, the projections measured by an observer
will have a peak O 0 at the abscissa which is the projection of O on axis r, whatever the value of
ϕ. If we report such projections in an image, that is a 3D plot, called a sinogram [27] that has as
abscissa r and ordinate ϕ; along the third dimension, that is the grey level image, not reported in
Fig. 1b, the value of the line integral of the function f (x, y) should appear; this value is obtained
by integrating along the line l as it is illustrated in Fig. 1a. If we imagine an illuminating candle,
located at the origin, we get as image a vertical line at the abscissa 0 (the right r = 0 in Fig. 1b
whose grey level is proportional to the luminosity of the candle. If, instead, we have three candles
(luminous points within the image), the sinogram will exhibit a vertical track as before, other

(a)

(b)

Fig. 1. Capturing external projections from outside an object (a) and graphical expression of a sinogram (b).
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two tracks of sinusoidal shape, and a grey level proportional to the luminosity of the other two
candles.
2. Mechanical and thermal stresses
Heat is transferred in human tissue and described by specific modeling, and among them we
can find that proposed by Wulff [28], that is
ρCp

∂T
∂ 2T
∂T
= k 2 − ρb Cpb ν
+ Qm ,
∂t
∂x
∂x

(9)

where ρ is density (kg/m3 ), Cp specific heat of the tissue (J/kg·K), T temperature (K, ◦ C), t
time (s), k thermal conductivity (W/m·K), ρb density of blood (kg/m3 ), Cpb specific heat of
the blood (J/kg·K), ν is the local mean blood velocity (m/s), Q m metabolic heat generation rate
(W/m3 ), subscript p indicates the index for coefficients of normalized PBHE (Equivalence of
Pennes Bioheat Equation). Equation (9) can be solved with blood velocity v and the temperature
is set as T = Ta (external to tissue from outside) and T = T f (external to tissue as inside);
the considered tissue, with for example a tumour, is in between and within two isothermal
tissue boundaries. However, heat transfer in tissue requires a relaxation time (around 15–25 s) to
accumulate sufficient energy to be transferred to a neighbouring item. In some cases, this time
could be very short depending on the kind of tissue, notably epithelial, muscle, connective and
nervous. The equation above does not consider micro-structural interactions, within the tissue,
during heat transport transient process. Tzou [29] introduced a phase lag for temperature transient
that leads to a dual-phase lag (DPL) model described as followings:
q(x, t + τq ) = −k

∂T (x, t + τT )
,
∂x

(10)

in which T is the temperature, q the heat flux, k the thermal conductivity, x the distance and t
the time. The phase lag of heat flux is τq and was used to interpret the short-time thermal inertia
which induces the behaviour of the thermal wave. Mechanical stress, instead, could be measured
by applying a dedicated instrumentation on a grasper system to assess the eventual trauma. Tissue
under mechanical stress delivers a response due to a combination of its mechanical properties and
environmental loading characteristics. Some authors [30] introduced the loading rate normalized
in terms of the stress rate σ̄ is an indicator for a potential metric that can be either measured or
predicted for surgery by means of the monitoring of the current stress and position point (σi, x i ),
and connected to previously recorded data n and m data points, and the associated time between
points calculated as the number of data points multiplied by the sampling time step ∆t, that is
σi − σi−n )
n ∆t
.
σ̄ =
(x i − x i−m )
m ∆t

(11)

Equation (11) exhibits the indicator called stress rate and it increases in the tissue and
normalizes this with respect to the loading rate. Figure 2 depicts examples of different graspers
used in surgery. They are traumatic and atraumatic.
Trying to minimize the impacts of thermal and mechanical stress on tissue, graspers’ manufacturers have developed equipment able to mimic the human hand. They are generally called as
8
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(a)

(c)

(b)

(d)

Fig. 2. Examples of reusable laparoscopic grasper: (a) crocodile-based forceps (traumatic), (b) short fenestrated (atraumatic), (c) fine toothed forceps (traumatic), and (d) babcock (atraumatic).

HALS (hand-assisted laparoscopic surgery) to be used for traditional and robotic interventions
(see Fig. 3). These devices mostly allow all positions that a human hand can exhibit including
opening.

(a)

(b)

Fig. 3. The comparison between (a) conventional HALS and (b) robotic HALS.

3. Proposed method
Thermal and mechanical stress can be measured by means of infrared cameras and instrumented graspers for surgery. Since it is not easy to have different instruments connected to graspers
and HALS due to the small space in surgery activities, an alternative approach which is the main
motivation for this paper, can be adopted. It fits with augmented virtual reality. In other words,
we have developed an approach based on determination of thermal and mechanical stresses by
means of images to be acquired prior to surgical intervention and/or when it takes place (real
time). The image processing for stresses has been developed in the Comsol environment [31, 32].
9
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We used stationary modeling; The stationary study is used when field variables do not change
over time. Here some examples. In electromagnetism, it is used to compute static electric or
magnetic fields as well as direct currents. In heat transfer, it is used to compute the temperature
field at thermal equilibrium. In solid mechanics, it is used to compute deformations, stresses, and
strains at static equilibrium. In fluid flow it is used to compute the steady flow and pressure fields.
In chemical species transport, it is used to compute steady-state chemical composition in steady
flows. In chemical reactions, it is used to compute the chemical composition at equilibrium of
a reacting system. We have chosen the parameters fitting with biological tissue, especially kidney,
see Table 2.
Table 2. Tissue parameters specification.
Property

Name

Value

Thermal capacity at constant pressure

Cp

3 540

ρ

1 079

Density
Thermalconductivity

K

0.52

Frequency factor Activation

dE

257 700

The algorithm works according to the following steps: (i) implementing a GUI (graphic user
interface), (ii) image conversion through a SolidWorks routine, (iii) image meshing, with creation
of different gratings including small ones (iii), thermal and mechanical processing. Details of the
algorithm are depicted in Fig. 4.

Fig. 4. Flowchart of the algorithm based on Comsol Environment processing.

We applied the approach to different images captured from surgery activity by means of a da
Vinci Robot [33] that took place in the Hospital of Reggio Calabria at the beginning of 2019.
A series of images have been processed. As an instance, we used two images of the same person
suffering from kidney carcinoma of a, that is Figs. 5 and 6.
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Fig. 5. First image meshing with related GUI (left and center) and its Solid Works implementation (right).

Fig. 6. Second image meshing with related GUI (left and center) and its Solid Works implementation (right).

Image meshing is implemented using dedicated information as per Table 3. This information
is necessary for carrying out gratings. Note that the minimum growth rate has been set to 1.45 m.
Actually, it is a fictitious value to see possible expansion of the tissue since the tissue dilatation
is a matter of less than “mm”.
Table 3. Meshing information.
Value

Units

Maximum element quality

Description

0.0048

m

Average element quality

0.0006

m

Minimum growth rate

1.45

m

Tiangular elements

1 280

Cst

Edge elements

0.5

Cst

Vortex elements

0.6

Cst

4. Results
The algorithm was applied ton surgery images of a person (over 65 years of age) suffering
from kidney carcinoma of the. The main task was to evaluate the maximum threshold in terms
of thermal and mechanical stresses exerted by graspers and other surgery tools. It is necessary
to remind that the kidneys are involved in the following processes: filtration, re-absorption,
11
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secretion, and excretion. Considering special connections with the aorta and the vena cava, any
of the above processes renders the kidneys a pivotal organ within the human body. Any stress
during surgery affects others organs. As indicated above, two images, out of many others, were
used to demonstrate the importance of determining thermal and mechanical stress on this specific
organ. Two series of processing were performed in this work. One is illustrated in Figs. 7 to 9
and the other in Figs. 10 to 12. Figure 7 illustrates the bio-heat (max 2.15 × 101 ∼ 16 calories)
and mechanical stress (max 8.010 × 101 N/m2 ) generated by the contacts of surgery graspers and
utensils. By comparing the results from Fig. 9 with analogous for the second image, we can see
the bio-heat of the same order (max 1.00×101 ∼ 16 calories), which is half and minor mechanical
stress (max 3.985 × 101 N/m2 ). Of course, mechanical stress can have a bio-heat impact as well.
For such a delicate organ as the kidney, these values of stress must be under control, both in the
case of a kidney to be used for transplantation or when it is supposed to work in the same body.

Fig. 7. Thermal (left) and mechanical (right) stress for the first image.

Fig. 8. First image: power spectral density (left) and entropy (right).

Given the fact that both bio-heat and mechanical stress can be also monitored with instrumented devices, knowing specific indicators such as power spectral density (in Pa2 /Hz or dB) and
entropy is essential in order to get confirmation of bio-heat and mechanical stress distribution.
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Again, comparing PSDs (in Pa2 /Hz or dB), using Fig. 8 (right) and Fig. 10 (right), a little higher
PSD is encountered within the first image that corresponds to as much stress. That is coherent
with major thermal energy, then a major mechanical shock. Analogously, in terms of entropy,
a peak is noticed at higher grey levels (Fig. 8 right) whilst in Fig. 10 (right) it is at a low level;
which confirms that more energy has been deployed in the first image than in the second. In other
words, the kidney in the first image emits more radiation than in the second one. The advantage of
the present process, in real imaging, is that it can be employed on any instrumentation being able
to capture inner energies, thermal and mechanical, emitted by human organ during surgery or
other explorations. The kidney, as a pivotal organ, basically beahaves in the same way [34]. Once
results of thermal and mechanical stress are available, surgeons can work on a database related
to specific organs by listing patients’ records such age, gender, activities (job), other pathologies,
etc. This database will allow them to prevent unnecessary stress on organs. We reaffirm that this
approach is vital to preserve organs to be trated and/or for transplantation.

Fig. 9. Thermal (left) and mechanical (right) stress for the second image.

Fig. 10. Power spectral density for the second image: 2-D (bottom) and 3-D (down).

The approach we have worked out will be especially exploited in the latter field i.e. organs
to be donated to other people. Another important issue is the computational cost. The whole
process, automatically guided, requires less than 2–3 minutes using a normal 64-bit netbook with
4 Gbytes of RAM.
13
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5. Proposal of an innovating comparison
A further comparison is required to strengthen the aforementiond results. We use a computer
vision approach for robotics by implementing a processing of both images through a monadic
algorithm [35] in the effort to extract features. A monadic operation allows to process the levels
of intensity of pixels of original input image by producing one output image. The algorithm,
applying the suggested monadic operations, is shown in Fig. 11.

Fig. 11. Monadic algorithm steps.

This process is applied to both images and the results are shown in Figs. 12 and 13 respectively.
The blue areas of both images indicate the propagation of both stresses, that is mechanical and
thermal, in the other area of the the biological tissue not close to the points under surgery
operations. Our approach is different in its being based on computer vision. It reflects the same
area of the previous sections.
Whatever color is needed it can be produced by mixing three primary colors of light: red, green,
and blue, each with its own intensity. The algorithm used [36] creates a simple image containing
continuous areas of red, green, and blue using the MATLAB Image Processing Toolbox and
then constructs an image for each of its distinct color planes (red, green, and blue). Basically, to
perform image segmentation and object detection correctly, there is a need for images that are
stable regardless of fluctuating imaging conditions. To reduce uniform color fields, the intensity
normalization removes the shadow. This process uses a Lambertian reflector (12) operating under
white illumination.
Z
f c (x) = m b (x)
s(λ, x) ρc (λ) d λ ,
(12)
ω

where m b (x) is the coefficient which denotes the relationship between the white light source and
the surface reflectance, s and ρ are determined by the sensor and the surface of the object. It is
14
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Fig. 12. Monadic-based processing for the first image.

Fig. 13. Monadic-based processing for the second image.

important to notice that each separate colour plane in the figure contains an area of white. The
white corresponds to the highest of each separate colour. For example, in the red plane image, the
white represents the highest concentration of pure red values.
As red becomes mixed with green [37] or blue, gray pixels appear. The black region in the
image shows pixel values that contain no red values, i.e., R = 0. Figures 14 and 15 are, hence, the
results of the process explained in (12). Different items encompassed in these images illustrate
the use of different bands in order to point out the interested areas of stress. Figure 14 also depicts
the histograms in different bands as well as the cumulative histogram. Instead, Fig. 15 shows the
detailed masking process that also points out the stressed areas. Analogously, Figs. 16 and 17
show the same results for the second original image. To summarize the achievements, let us have

Fig. 14. A set of image processing results in different bands with histograms for the first image.

15
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a look at Table 4 illustrating the detectability of the region of interest (ROI). We discriminate
the core ROI, that is, the ROI in direct contact with the surgery instruments; the side ROI is an
indirect region affected by side effect/after effect of the use of the considered instruments. This

Fig. 15. Details of the masking procedure in different bands for the first image.

Fig. 16. A set of image processing results in different bands with histograms for the second image.
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Fig. 17. Details of the masking procedure in different bands for the second image.

region could be impacted by a slight and physiological trauma. As we can notice, the Lambertian
reflector illustrated in Figs. 14 to 17 is suitable for quantitative global detection. Conversely, it
is difficult to use for core ROI detection. The results of combined Comsol-based modeling using
bioheat equation and monadic-based processing are collected in Table 4.
Table 4. ROI target.
Image
reference

Core ROI
%

Side ROI
%

Global ROI
%

Technique/algorithm

Image 1 thermal stress

5–8

12–15

17–23

Comsol modeling

Image 2 thermal stress

10–12

13–15

23–27

Comsol modeling

Image 1 mech. Stress

4–6

10–12

17–21

Comsol modeling

Image 2 mech. Stress

7–8

10–12

14–18

Comsol modeling

Image 1 monadic

15–17

42–44

57–61

Monadic operations

Blue

Image 2 monadic

3–4

54–56

57–60

Monadic operations

Blue

Image 1 multiband

Undetectable

Undetectable

68–70

Lambertian reflector

Image 2 multiband

Undetectable

Undetectable

48–52

Lambertian reflector

Remarks

Further confirmation for supporting this approach is displayed by using the sinogram as
explained in the introduction. Since we work with images in 3D, given the example of the three
candles in the introduction, it works as though each of the candles illuminated the inner part of
the human organ, that is the kidney, in order to get a vertical track, a sinusoidal shape, and grey
levels proportional to the luminosity of the other two candles. In fact, in Fig. 18 (left), we can see
17
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two lights on the sinusoid testifying to a concentrated distribution of the thermal and mechanical
stresses, see also the trend of the PSD in Fig. 8 (left), whilst Fig. 18 (right) reports a little light
diffusion, especially at the left, at the crossing of sinusoids that is in accordance with the trend of
the PSD in Fig. 10 (left).

Fig. 18. Sinograms of monadic approach (Image 1 and 2 from the left to the right).

6. Conclusions
Human inner organs are subject to stress during surgery. These stresses, namely thermal
and mechanical, are caused by the use of surgical instruments. In many cases, as reported in
the introduction, these stresses can heavily affect the organ operated on and the neighborhood.
Major attention has been requesting to address the issue. This latter has been becoming a topic of
research due to two main reasons: (i) increasing request of insurance for surgeons to cover eventual
damages during surgery, (ii) major awareness from biomedical devices manufacturers to lower
level of risks by adopting new materials. Even though, it is necessary to pre-establish the right
pressure to be exerted on the organ so that a taxonomy of pressure levels should be investigated.
For now, thanks to this kind of research, it could be possible to capture images by means of
sensing devices such external camera, and laparoscopy instruments, and to process them. The
required time to retrieve all processed images included sinograms is around 45–50 seconds with
a normal computer. It is an acceptable time for surgical operations lasting at least 30 minutes
to deliver results for making decision. The research opens the path to possible research lines for
instrumented graspers, forceps, and babcocks with dedicated sensors to allow the surgeons to
calibrate the right pressure and subsequent thermal reactions. As we have seen, the sinograms are
a double-face exhibition of results; that is, we can consider an observer/candle illuminating the
inner part of an organ and/or tissue but also a way to pick and place virtual optical sensors for
allowing us to understand the light concentration or diffusion. Moreover, thermal therapies [38,39]
can utilize he approach followed in this paper. Noninvasive instrumental techniques, for capturing
imaging for surgery decision-making, can be useful for allowing the modeling of thermal and
mechanical stresses. Predicting stress is useful in all kind of surgical activities and in particular
in robotic one where it is possible to preset the necessary load on tissues. The research also falls
in the augmented virtual reality (AVR) as subsequent step.
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