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Abstract

Tactile perception is important for various medical applications in-
cluding surgery. Currently novel devices are available that provide in-
traoperative mechanoreceptoric registration of tactile images. It is ex-
tremely important for endosurgery where standard palpation by sur-
geon’s fingers is impossible. However, methods for automated analysis
and even preprocessing of tactile data registered by these devices are
not yet sufficiently developed.

In this paper we describe two mutually reinforcing methods for pre-
processing of tactile data registered by an intraoperative tactile mecha-
noreceptor. Namely, we address the problem of automated sensitivity
adjustment and the problem of contact angle artifact. We also present
experimental results that validate the efficiency of the developed meth-
ods.
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1 Introduction

Automated analysis of images and video streams is a classical and well studied
domain which still contains multiple points for further research [1], [10], [11].
Analysis of medical images has its specific features, in particular, due to dif-
ferences in analysis tasks and due to the fact that these images are registered
by essentially different technologies, each having its own unique features [2],
[4], [5], [6], [16].

Currently a novel type of medical images is emerging, namely, medical
tactile images. Tactile data is extremely important for various medical appli-
cations including surgery. However, it is still poorly formalized and lacks algo-
rithms and methods even for preprocessing. The reason is that only recently
medical devices capable of registering tactile images appeared. For certain spe-
cialized diagnostic devices, such as the Breast Mechanical Imager (BMI) [8],
the Prostate Mechanical Imaging system (PMI) [15], or the Vaginal Tactile
Imager (VMI) [12], the required mathematical methods have already been de-
veloped and implemented in software [7], [8], [9]. However, these methods are
inapplicable to tactile images produced by the Medical Tactile Endosurgical
Complex (MTEC) [3]. Unlike the specialized devices above, this complex is
more universal, provides intraoperative tactile examination and can be used in
endosurgery (including robot-assisted surgery), where standard palpation by
fingers is impossible. To the best of our knowledge, MTEC is currently the
only commercially available medical device for intraoperative registration of
tactile images.

Due to limitations imposed by intrasurgical application MTEC has an es-
sentially smaller size of sensor array in comparison with BMI, PMI and VMI
and hence an order of magnitude smaller number of sensors. It also has a much
wider variety of tissues and organs that can be examined, and thus preprocess-
ing and analysis cannot utilize specific properties and features of an individual
organ.

In this paper we describe two mutually reinforcing methods for preprocess-
ing of tactile data that can be utilized for tactile images registered by MTEC.
Namely, we address the problem of automated sensitivity adjustment and the
problem of contact angle artifact. The first problem is actual for registering
tactile images of tissues and organs with essentially different stiffnesses during
one operation. The second problem is actual for the analysis of tactile im-
ages registered in case of a contact angle between the operating head and an
examined surface diverged from a right one.
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2 Preliminary Notes

In this section we give a brief description of MTEC, specific features of data
registered by MTEC, and main goals of intraoperative endosurgical tactile
examination.

The main part of MTEC mechanoreceptor (Fig. 1a) is an operating head
(Fig. 1b). It has a diameter of 1 cm or 2 cm and includes 7 or 19 pres-
sure sensors respectively. Each sensor performs measurements 100 times per
second, and the measurement results are wirelessly transmitted to a computer
that performs real-time preprocessing, visualization and certain analysis. Each
sensor has its own sensitivity and zero level (i.e., a measurement result in case
of absence of a contact between a sensor and a surface). For the purposes
of visualization and analysis measurements for all sensors are brought to a
standard scale using a simple linear transform followed by a cut-off:

V pr
j = max

{
(V raw

j − Lj) · Kj, 0
}
.

Values of V pr
j higher than 1 are standardly also cut-off:

V sc
j = min

{
V pr
j , 1

}
.

Here V raw
j is a raw measurement result for the j-th sensor, V sc

j is a corre-
sponding scaled result, and Lj and Kj are zero level and sensitivity correction
coefficient respectively. Values of Lj and Kj are taken from a device passport
which is provided by a device manufacturer for each device. For pressures
between zero and a certain Pmax (predefined at the stage of device passport
preparation) the dependence of V sc

j on pressure is linear, and for pressures
above Pmax the value of V sc

j is 1 (see Fig. 1c). Several passports can be
provided for each device: the ones corresponding to low values of Pmax are
standardly used to palpate soft tissues, and the ones corresponding to high
values of Pmax are standardly used to palpate hard tissues.

For the visualization values of V sc
j are colour-coded using a standard

green→ blue→ red colour scale with 256 gradations (see Fig. 1c, 1d). Re-
production via a specialized tactile display also uses a discretization with 256
levels.

The major task of intraoperative endosurgical tactile palpation is detection
and localization of visually undetectable heterogeneities. The detection can
be performed by a surgeon based solely on visual or tactile reproduction, but
additional automatically generated alarms can increase palpation efficiency
and reduce the requirement of attention retaining during tactile examination
of a relatively large area [14]. Both reproduction and automated heterogeneity
alarm generation are based on the scaled values V sc

j .
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Figure 1: MTEC mechanoreceptor. (a) General view. (b) Operating head.
(c) Dependence of V sc on pressure P for two values of Pmax — PL and PH ;
colour scale for V sc and induced colour scales for P . (d) Visualization of a
tactile frame.

There are two main problems in intraoperative mechanoreceptoric hetero-
geneity detection, namely, essential differences in stiffness properties of ex-
amined organs and tissues, and a deviation of a contact angle between an
operating head and an examined surface from a right one.

The first problem can be described as follows (Fig. 1c). If the value of Pmax

for the utilized device passport is too high with respect to examined tissue in-
cluding its heterogeneities, then all analyzed and reproduced values V sc

j would
be small in case of an admissible pressure force regardless of heterogeneity
presence or absence. If the value of Pmax for the utilized device passport is too
low, then in the contact state an immediate saturation will be observed, i.e., all
values of V sc

j would be equal to 1. Hence an organ- or tissue-specific selection
of a device passport is required, while manual switching between passports
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during a surgery is highly inconvenient.
The second problem is caused by a fact that in endoscopic surgeries a device

cannot be freely moved, and in certain cases a right angle of contact between a
mechanoreceptor and an examined surface is unachievable. At the same time,
in case of a deviation of a contact angle from a right one a tactile image for a
homogeneous sample can be naturally classified as heterogenic (see Fig. 2a,2c).

We describe methods that provide automated solutions for these problems.
The methods are simple but efficient: the efficiency was experimentally vali-
dated as described below.

Figure 2: Contact angle artifact. (a) Divergence of a contact angle from a
right one. (b) Coordinate system associated with the surface of a mechanore-
ceptor operating head (for a 1 cm device sensors coloured in red are absent).
(c) A tactile frame in case of standard preprocessing. (d) The result of the
artifact suppression.
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3 Main Results

3.1 Automated sensitivity adjustment

For pressures above Pmax corresponding to the utilized passport the method
simply performs rescaling that associates current maximum pressure with 1 in
the [0, 1] scale. In more details, the rescaling can be described as follows.

All tactile frames (i.e., sets of pressure values measured by sensors simulta-
neously in a given time moment) are processed independently. The input of the

procedure is a set of standardly scaled but not cut pressure values
{
V pr
j

}J
j=1

.

The output is a set of rescaled pressure values
{
V sa
j

}J
j=1

, where rescaling is

aimed at automated sensitivity adjustment. The rescaling uses formula

V sa
j =

V pr
j

max
{

1, V pr
1 , V pr

2 , . . . , V pr
J

} (j = 1, 2, . . . , J).

In case of this automated sensitivity adjustment it is optimal to take a
passport with a low value of Pmax, i.e., a passport aimed at examination of
tissues and organs with low stiffness. The examination of these organs won’t
be affected by the adjustment. However, for organs and tissues with a higher
stiffness, for which standard examination with this passport results in a fast
saturation, the adjustment prevents saturation and allows correct heterogene-
ity detection.

3.2 Suppression of contact angle artifact

The method for suppression of contact angle artifact utilizes a standard linear
model. It also processes all tactile frames independently. Its input values are

the scaled pressure values
{
V sc
j

}J
j=1

or
{
V sa
j

}J
j=1

, the output values are the

corrected values
{
V ac
j

}J
j=1

.

The suppression of contact angle artifact is applied only if the number
of sensors in a frame which give positive values of scaled pressure exceeds a
threshold Nmin, and at least N border

min of these sensors belong to the outer ring
of the operating head of the device. The default value of Nmin is 5 for a device
with 19 sensors and 4 for a device with 7 sensors; the default value of N border

min

is 3 irrespective of the device type. Only positive scaled pressure values are
utilized by the artifact suppression, sensors with zero values are not involved
in the correction.

Four numbers are associated with each sensor: (xj, yj, Vj, fj), where xj

and yj are the coordinates of the centre of the j-th sensor on the surface of
the mechanoreceptor operating head (see Fig. 2b), Vj is the value of scaled
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pressure (V sc
j or V ac

j ), and fj is a binary flag which equals 1 is Vj is positive,
and equals 0 otherwise.

The first step of the artifact suppression is a construction of a linear func-
tion l(x, y) = ax+ by + c which optimally approximates pressure values in the
tactile frame. For this purpose we utilize a least-square method [13] and thus
construct a linear function that minimizes∑

j: fj=1

(Vj − l(xj, yj))
2 .

The values of the coefficients a, b, c are computed as the solution of the fol-
lowing system of linear equations:

a
∑

j: fj=1
x2
j + b

∑
j: fj=1

xjyj + c
∑

j: fj=1
xj =

∑
j: fj=1

Vjxj

a
∑

j: fj=1
xjyj + b

∑
j: fj=1

y2j + c
∑

j: fj=1
yj =

∑
j: fj=1

Vjyj

a
∑

j: fj=1
xj + b

∑
j: fj=1

yj + cJp =
∑

j: fj=1
Vj

(here Jp is
J∑

j=1
fj, or, equivalently, the number of sensors with positive scaled

pressure). Note that if fj = 1 for all sensors (i.e., the contact involves the
whole surface of the operating head and thus all scaled pressure values are
positive), then ∑

j: fj=1
xj =

∑
j: fj=1

yj = 0,

∑
j: fj=1

x2
j =

∑
j: fj=1

y2j = S,

∑
j: fj=1

xjyj = 0, Jp = J

(for a device with 19 sensors S = 96; for a device with 7 sensors S = 12), and
hence the solution of the system is

a = 1
S

J∑
j=1

Vjxj,

b = 1
S

J∑
j=1

Vjyj,

c = 1
J

J∑
j=1

Vj.
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The constructed function l(x, y) gives a simple (linear) approximation of a
surface of contact.

As we perform a suppression of a contact angle artifact, and not background
correction, we further compute

lmin = min
j: fj=1

l(xj, yj)

and set
L(x, y) = l(x, y)− lmin.

Then we compute

d = min

{
0, min

j: fj=1

(
Vj − L (xj, yj)

)}
,

and finally for each sensor with a positive scaled pressure we set

V ac
j = Vj −

(
L(xj, yj) + d

)
.

For sensors with zero scaled pressure we leave pressure values V ac
j at zero level.

If we replace the formula above by a natural formula

V ac
j = max

{
0,
(
Vj − L(xj, yj)

)}
,

then we’ll have an essentially higher edge blurring and contrast reduction in
case of examining a juncture of tissues with different stiffnesses. If we subtract
l(xj, yj) instead if L(xj, yj), then examination of a homogeneous tissue would
result in values of V ac

j close to zero regardless of force applied to a mechanore-
ceptor. It can potentially lead to patient’s trauma if a surgeon estimates an
optimal force mainly based on a tactile feedback.

An example of a result of the described method for the suppression of a
contact angle artifact is presented in Fig. 2.

3.3 Efficiency validation

The described methods for tactile data preprocessing were implemented in a
software. In order to test the efficiency of these methods we carried out the
following experiment. Four types of samples were made using a soft silicone
(Ecoflex 00–10, Shore hardness 00-10A) according to manufacturer’s instruc-
tions (Fig. 3). Samples had a shape of a rectangular block with length and
width 40 mm and 35 mm respectively. For two sample types, LP and LN, the
height was 11 mm, and for the other two sample types, HP and HN, the height
was 20 mm. Samples of types LN and HN were homogeneous, and samples of
types LP and HP contained a heterogeneity, namely, a segment of a medical
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Figure 3: Samples utilized in the experimental validation. (a) A scheme of an
H-type sample (heterogeneity is present in HP samples and is absent in HN
samples). (b) A scheme of an L-type sample (heterogeneity is present in LP
samples and is absent in LN samples). (c) An HP sample. (d) A sample slice
with a visually observable heterogeneity.

perfusion line (B.Braun Original Perfusion Line, diameter ca 2 mm). Segments
had length of at least 20 mm and were located horizontally at height of 1–3
mm from the bottom at centres of horizontal projections of samples. Visually
the segments were undetectable.

The utilized perfusion line was relatively soft but still harder then the
“background” silicone. Hence, heterogeneities were palpable by a finger for
both LP samples and HP samples. However, for HP samples they were poorer
palpable, in particular, more force was required to reach and detect a hetero-
geneity.

Within the experiment a distinction of LP vs. LN samples based on palpa-
tion by a MTEC mechanoreceptor was performed with and without utilization
of the described preprocessing methods. A similar distinction of HP vs. HL
samples was also performed. Mechanoreceptors with 19 sensors were used. The
former distinction checked whether the developed methods retain information
sufficient for heterogeneity detection in a simple case. The latter distinction
tested whether these methods increase an ability of heterogeneity detection in
a complex case.

A distinction was performed independently by ten volunteers aged 21–50
after a short training session. During this session a volunteer examined several
samples of each type by a mechanoreceptor. For each sample he or she was
initially told what was the type of the sample.

Then a volunteer tried to identify what samples with initially unknown
types contained a heterogeneity, and what samples did not. The order of
modes (i.e., with or without utilization of the described preprocessing methods)
was randomly assigned to each volunteer, and each volunteer in each mode
examined a set of eight L-type samples and a set of eight H-type samples. Each
set was composed randomly with equal probabilities of taking a homogeneous
sample (N-sample) and a sample with a heterogeneity (P-sample).
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Table 1. Number of errors in distinction of LP vs. LN samples (rows L–
Pr and L–NoPr) and in distinction of HP vs. HN samples (rows H–Pr and
H–NoPr). Rows L–Pr and H–Pr correspond to the case when the described
preprocessing methods were utilized; rows L–NoPr and H–NoPr correspond to
the case when the described preprocessing methods were not utilized.

L–NoPr L–Pr H–NoPr H–Pr
Volunteer 1 1 1 2 1
Volunteer 2 2 2 3 1
Volunteer 3 3 1 3 3
Volunteer 4 1 0 2 1
Volunteer 5 0 1 3 1
Volunteer 6 3 0 6 2
Volunteer 7 4 1 2 0
Volunteer 8 1 2 0 0
Volunteer 9 1 1 0 0
Volunteer 10 2 0 3 1
Total 18 9 24 10

The results of the distinction are presented in Table 1.

As one can see, the developed methods provided a twofold reduction of
incorrect heterogeneity detections even in a simple case of L-type samples.
However, the difference was not yet statistically significant in case of a standard
significance level of 0.05 (Wilcoxon signed-rank test two-tailed p-value 0.1045).

At the same time, in a complex case of poorer palpable heterogeneities
the reduction was 2.4-fold and the benefit of the methods was statistically
significant (Wilcoxon signed-rank test two-tailed p-value 0.0199).

Remarkably, the developed preprocessing methods reduced errors of both
types. For H-type samples the reduction was from 10 to 4 for false positives,
and from 14 to 6 for false negatives. For L-type samples the reduction was
from 7 to 2 for false positives and from 11 to 7 for false negatives.

Interestingly, in case of utilization of the developed methods mechanorecep-
toric heterogeneity detection had nearly the same error rate in case of L-type
and H-type samples in spite of the fact that in the latter case heterogeneities
were poorer palpable.

4 Conclusion

Automatically registered tactile images are emerging in various domains in-
cluding medicine. This type of images requires new specialized methods and
algorithms for preprocessing and analysis.
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We developed mutually reinforcing methods for preprocessing of tactile
images registered by an intraoperative tactile mechanoreceptor that provide
automated sensitivity adjustment and suppression of a contact angle artifact.
Experimental validation proved the efficiency of these methods.
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