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Abstract— The paper formalizes, implements and evalu-
ates a framework for personalized real-time control of inner
knee temperature during cryotherapy after knee surgery.
Studies have shown that the cryotherapy should be con-
trolled depending on the individual patient’s feedback on
the cooling, which raises the need for smart personalized
therapy. The framework is based on the feedback control
loop that uses predicted instead of measured inner tem-
peratures because measurements are not feasible or would
introduce invasiveness into the system. It uses machine
learning to construct a predictive model for estimation of
the controlled inner temperature variable based on other
variables whose measurement is more feasible — tempera-
tures on the body surface. The machine learning method
uses data generated from computer simulation of the ther-
apeutic treatment for different input simulation parameters.
A fuzzy proportional-derivative controller is designed to
provide adequate near real-time control of the inner knee
temperature by controlling the cooling temperature. The
framework is evaluated for robustness and controllability.
The results show that controlled cooling is essential for
small-sized (and large-sized) knees that are significantly
more (less) sensitive to the cooling compared to average-
sized knees. Moreover, the framework recognizes dynamic
physiological changes and potential changes in the system
settings, such as extreme changes in the blood flow or
changed target inner knee temperature, and consequently
adapts the cooling temperature to reach the target value.

Index Terms— Biomedical systems, Computer simula-
tion, Fuzzy systems, Machine learning.

[. INTRODUCTION

HERAPEUTIC cooling (cryotherapy) of body parts, e.g.

head, knee, elbow, is a medical treatment that adjusts
patients’ body part temperature to help reduce tissue edema,
inflammation, hematoma formation and pain, thus reducing
the need for pain medication and enabling faster rehabilita-
tion after injury or surgery [1]. Various cooling modalities
are routinely used in postoperative treatment in orthopedics,
traumatology, facial surgery, pain prevention in sport, etc.
[2]. For example, therapeutic cooling after knee surgery is
often performed using refrigerated gel-packs or with computer-
controlled cryotherapy — using cryotherapeutic cuff/pad cooled
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by a liquid with a specified flow rate and temperature main-
tained by an external cooling device. Our previous clinical
study [3] has shown that computer-controlled cryotherapy,
with pre-programmed protocols in terms of heat extraction
intensity and treatment time, is more effective and control-
lable than a conventional cooling with refrigerated gel-packs.
However, the study has also revealed that, even with computer-
controlled cryotherapy, patients’ responses to the treatment can
differ considerably. Different patients need different cooling
protocols, depending on their body constitution, regulatory
systems, and the conditions in the environment where the
therapy is performed. Consequently, the cryotherapy should
be controlled depending on the individual patient’s feedback
on the cooling, which raises the need for smart cooling devices
for personalized therapy.

The key approach in feedback control is measuring the
variable being controlled and comparing it with a target value.
However, there are examples where the controlled variable
cannot be measured. Especially in biomedicine, measurements
are often difficult to perform because human subjects are
involved. Many examples can be found, particularly in clinical
procedures, where in vivo measurements are often not as
accurate as desired [4], difficult, dangerous or even impossible
to perform [5], especially if deep tissues or vital organs are in
question [6], [7]. Moreover, non-invasive medical procedures
are emerging in the search for more reliable, less expensive,
and risk-free medical technology for the future [8]-[10].
Therefore, the solution for personalized cryotherapy should
be made non-invasive, which excludes the option for direct
measurement of the controlled inner knee temperature.

Alternatively, computer simulations can provide safe and
inexpensive insight into physiological processes. In recent
decades, computer simulations have provided a great help in
understanding and solving a variety of problems in science.
With the use of computer simulation, it is possible to calculate,
analyze, and visualize both stationary and time-dependent
temperature fields in living biological tissues [2]. Therefore,
computer simulation can be used to estimate the hidden
controlled variable — the inner knee temperature, based on
other variables of the system/process whose measurement is
more feasible and non-invasive — a concept known as soft
or virtual sensing [11]. A validated simulation model of the
cryotherapeutic treatment from our previous work [12] can be
used for that purpose. The simulation is based on the bio-heat
equation for heat transfer in biological tissues [13], [14] and
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uses a geometric knee model from the Visible Human Dataset
[15].

However, simulations are usually resource- and time-
consuming, which is not acceptable in near real-time control
systems [16]. We assume that near real-time control, especially
in biomedical systems, requires a solution usually supported
by a mini on-board computer that cannot process large amount
of data nor perform computationally demanding operations.
Therefore, we resort to machine learning methods [17] to
construct a predictive model that will provide a prediction
for the controlled variable in a much shorter time and with
satisfying accuracy. Namely, the validated simulation model
of the cryotherapeutic treatment [12] is used to generate data
from diverse simulation scenarios for the task of machine
learning: capture the relationship between the hidden system
variable and the non-invasive measurable ones.

Various machine learning techniques have proven to be
adequate for extracting knowledge from data resulting from
simulation models in various areas such as medicine [18], [19],
ecology [20], social sciences [21], etc. In a previous study, we
have investigated the case of non-invasive real-time prediction
of hidden temperature variables during therapeutic cooling
[22]. The results have shown that using only temperatures from
skin sensors as input attributes provides excellent prediction
for the temperature in the knee center. Moreover, satisfying
predictive accuracy is also achieved by using short history of
temperatures from just two skin sensors (placed anterior and
posterior to the knee) as input variables. Accordingly, a few
non-invasive temperature sensors on the knee surface provide
an indirect feedback for the control process of therapeutic
cooling. We have investigated the predictive performance
and time/memory efficiency of several predictive modeling
methods. Model trees have shown best predictive performance
with prediction error in the same range as the accuracy of the
simulated data (0.1°C). Moreover, they meet the requirements
for small memory size and real-time response. The light-
weighted predictive models will then correspond to the mini
architecture of the computer that controls the cryotherapy.

The main part in the control process addressed in this paper
— control of hidden temperature variables in therapeutic knee
cooling, is the controller that will take corrective action to the
inputs of the system, i.e. the temperature of the cooling liquid
in the pad, based on the difference between the target and
the predicted inner knee temperature. There are various types
of controllers proposed in the literature [23]. For feedback
controllers, there are a few simple types, such as on-off control
and proportional controller, and more complex types, such
as the ones dealing with nonstrict-feedback systems [24].
An alternative to the proportional control is the proportional-
integral-derivative (PID) control [25]. PID control is the most
commonly used technique to implement a closed-loop control.
Another simple and practical control technique, based on the
knowledge and expertise for the system, is the fuzzy logic
proposed by Zadeh in 1965 [26]. Fuzzy logic is a practical
alternative for a variety of challenging control applications
[27] as it provides a convenient method for constructing
controllers via the use of heuristic information. The fuzzy
logic control technique is proven to be an excellent tool for

designing intelligent systems in biomedicine as well [28], [29].
The most attractive feature of the fuzzy theory for biomedical
science researchers is the simplicity of fuzzy expressions (set
of “rules”, each in the IF-THEN form), which is extremely
useful for reasoning and controlling in biomedical areas.
Fuzzy expressions can be designed in a way to perform
discrete proportional, derivative and/or integral functions —
a type of control known as fuzzy PID. Many applications
have demonstrated the advantage of the fuzzy PID controller
over the conventional one, particularly when the system to be
controlled is nonlinear [30], [31]. Furthermore, fuzzy logic is
well suited for low-cost implementations and can easily be
upgraded by adding new rules so as to improve performance
or add new features. In the scope of the upgraded method
for computer-controlled cryotherapy, a set of fuzzy logic
rules can be used to control the inner knee temperature by
changing the temperature of the cooling liquid depending on
the individual patient’s response to the therapy. Taking into
account the limitations of biomedical systems, for example,
acceptable extreme values or maximal gradients in the human
temperature, simple heuristic IF-THEN rules are set up for an
efficient fuzzy logic temperature control.

The decision to implement fuzzy logic controller was
prompted by the following several features of the sys-
tem/process that we want to control - therapeutic cooling of a
knee:

e The controlled system is non-linear and can easily be
distressed, for example, sudden blood flow rate changes
or other types of physiological changes. Moreover, it
is represented by a mathematical model that cannot be
solved analytically.

o The controlled output - the cooling temperature - can have
a small set of possible discrete values.

o The framework requires light and low-cost implementa-
tion controller that can easily upgrade the mini-computer
of already existing computer-supported cryotherapeutic
devices.

o We take advantage of our knowledge for cooling of body
parts obtained within the clinical study of cryotherapy
effects after knee surgery [3] and the computer simulation
of heat transfer in bio-tissues [12].

In this paper, we tackle a real-world problem in the field of
biomedicine — non-invasive real-time control of the inner knee
temperature during cryotherapeutic treatment after anterior
cruciate ligament (ACL) reconstructive surgery of a knee [32].
The contributions of the presented work are as follows:

¢ We propose a framework for non-invasive real-time con-
trol of hidden inner body temperature variables during
therapeutic cooling or heating using cross-fertilization of
three disciplines from computer science and engineering:
parallel computing (simulations), artificial intelligence
(machine learning methods) and control theory (fuzzy
logic control). The framework as such has been protected
with a patent at the Slovenian patent office since Novem-
ber 2014 [33].

o We present a practical application of the framework on a
problem in the field of biomedicine — real-time control of
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the inner knee temperature during cryotherapy after ACL
reconstructive surgery of a knee. The framework has a
valuable contribution in the field of cryotherapy as it will
provide a method for personalized cryotherapy, which has
not been done so far.

e We apply machine learning techniques in the context of
replacing a simulation model with a predictive model,
thus bringing down the solution of problems that require
High Performance Computing to a simpler system that
can fit in a mini-computer. Hence, the solution is less
time-consuming, less data-consuming and low-cost.

o We apply the fuzzy control design methodology to con-
struct fuzzy controller for challenging real-world appli-
cation in the field of biomedicine.

The rest of the paper is organized as follows. In Section
II, the state-of-the-art in therapeutic devices with cooling
or heating is presented. After that, in Section III, the pro-
posed framework for non-invasive real-time control of inner
body temperature variables during therapeutic knee cooling
is primarily described, including its components: computer
simulation, predictive modeling, and fuzzy logic controller. In
Section IV, the experimental evaluation of the framework as a
whole is performed. The experimental design is first described,
and subsequently the results of the evaluation are presented.
Finally, the paper concludes in Section V with a summary and
discussion of the results, and directions for further work.

[I. RELATED WORK

Therapeutic cooling is often performed by using either
ice chips or refrigerated gel-packs, or a cryotherapeutic cuff
cooled by a liquid with a specified flow rate and temperature
maintained by an external cooling device or by a container
with ice water. Therapeutic heating is performed similarly,
but at a different temperature. The shape and type of the
cooling/heating cuff and the temperature and/or flow rate
of the cooling/heating liquid can influence the amount of
extracted/added energy from/to the treated part of the body.
Different devices for therapeutic cooling are already known.
Most of them are based on a circulating cooling liquid in a
pad/cuff and incorporate temperature, flow or pressure control
of the cooling liquid, but not for means of controlling the
treatment depending on the individual patient’s response [34].
They are flexible and adaptive to the cooled portion of the
body [35] or fitted around a joint for applying therapeutic
temperature-regulated compression to the joint and providing
support for the limb [36], [37].

Some form of a temperature control using feedback from the
temperature of the outgoing circulating liquid has been subject
of inventions [38], [39]. The subject of the invention in [39]
is an improved temperature control fluid circulating system
for automatic cooling that uses temperature control fluid in a
thermal blanket. The thermoelectric cooling device has a cold
side and a hot side. The temperature control fluid is cooled
by the cold side of the cooling device and its temperature
is modified depending on the sensed temperatures of the
fluid flowing within the blanket. Similarly, in [38], a device
therapeutically treating a desired region of a patient’s body

uses a non-ambient temperature fluid circulating through a pad
having a tortuous fluid pathway positioned on the treatment
region. The device has fluid inlet and outlet lines, each having
an end connected to the pad and an opposite end positioned
in a reservoir containing the fluid at non-ambient temperature.
Temperature control of the pad is enabled by an in-line valve
and temperature monitor positioned in the outlet line.

Other therapeutic devices control the cooling based on the
measured temperature of the cooled body surface. In [40], the
therapeutic device includes: a shield adapted to be placed in
intimate surface-to-surface contact with the body portion to
be cooled, a regulator for passing a fluid through the shield
at a regulated temperature and/or flow rate, a control for the
flow and temperature of the fluid, and a temperature sensor for
modifying the temperature and flow of the fluid in response
to the monitored temperature of the body portion. A similar
apparatus for controlling the temperature of an area of the
body is the subject of the invention in [41].

Finally, invasive control therapeutic methods and devices
are also known. In [42], the automatic cooling device is
an automatic blood circulation therapeutic machine. Blood
circulation is kept under appropriate environmental temper-
ature, and auto chemotherapy is ensured when the blood is
transfused back. Another invasive therapeutic treatment has
been subject of an invention [43], where embodiments of a
temperature control case and related methods and systems
are disclosed. Some embodiments include both internal and
external temperature sensors to allow the device to predict
internal temperature changes and adjust heating/cooling ele-
ments accordingly before the internal temperature is unduly
impacted by the ambient temperature.

However, none of the above-mentioned therapeutic devices
incorporate a method for non-invasive real-time control of
inner temperatures during therapeutic treatment with cooling
or heating by using individual patient’s feedback on the
treatment to provide smart personalized therapy. To the best
of our knowledge, a concrete technical solution for therapeutic
cooling or heating, which incorporates control of inner temper-
ature variables whose measurement is not feasible or would
introduce invasiveness into the system, is not known so far.
Moreover, the use of simulation or predictive modeling, or
the combination of the two, for estimation of controlled inner
temperature variables in therapeutic control systems, has not
been yet exploited.

[1l. METHODS

A. Framework for Real-Time Control of Hidden Body
Temperature Variables

The framework for non-invasive real-time control of hidden
inner body temperature variables during therapeutic cooling or
heating uses cross-fertilization of computer simulations, ma-
chine learning and control techniques [33]. The application of
the framework for non-invasive real-time control of inner knee
temperature variable during therapeutic cooling is schemati-
cally presented in Fig. 1 and Fig. 2. According to Fig. 1, a large
amount of simulation results FE is first generated by performing
preliminary simulations of the system with different values of
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Fig. 1. Schematic diagram of the construction of the predictive model.

the input simulation parameters P. The simulated data contain
values for a large number of inner and outer system variables.
We analyze the simulated results and describe the system with
a smaller set of significant inner and outer variables, thus
forming the dataset F'. Afterwards, we build a predictive model
D from the dataset F' using machine learning. The predictive
model captures the relationship between the inner variables
that cannot be measured and the outer variables that can be
measured with sensors. We select a subset of the measured
variables that performs the best in predicting the value of the
controlled inner variable. The predicted value of the controlled
variable with satisfying accuracy replaces the value of the
input variable in the control loop. In general, there can be
more than one controlled inner variable.

The feedback loop for real-time control of inner (hidden)
temperatures during therapeutic knee cooling is schematically
shown in Fig. 2. If the controlled output variable cannot be
measured, for example, the temperature inside a knee, the
framework then uses a predictive model D in the feedback
control loop to obtain estimation of the inner knee temperature
(8) instead of the actual inner knee temperature that cannot be
measured non-invasively. The predicted inner knee tempera-
ture (8) is estimated based on the measured values (7) of other

Desired A 3a B
inner knee
temperature  + .
Controller |—| €00ling Knee
system
6
\A A 4
Predicted
inner knee Temperatures on
temperature Predictive |, knee surface skin
3 model | 7 sensors
D
C1

Fig. 2. Schematic diagram of the feedback control loop.

outer system/process variables whose measurement is more
feasible. Sensors C'1 are added for non-invasive measurement
of the outer variables (6), for example, temperature on the body
surface. Preliminary, a simulation model of the system/process
is used to provide reliable data for different input simulation
parameters to build the predictive model D using machine
learning methods. The controller A, based on the difference
(2) between the desired value (1) and the predicted value (8) of
the inner knee temperature, controls the cooling temperature in
the pad (representing the cooling system 3a) wrapped around
the knee (representing the plant B).

The method for control of the inner knee tempera-
ture is based on computer-controlled cryotherapy with pre-
programmed protocols in terms of heat extraction intensity
and treatment time. The goal is the automatic control of the
temperature inside the knee, representing the plant B, by
changing the cooling temperature in the pad, representing the
cooling system in 3a. The cooling temperature of the pad is
changed according to the output of the controller A. The con-
trolled inner knee temperature is considered a hidden system
variable, because we aim to achieve non-invasiveness of the
biomedical system. Therefore, a few non-invasive temperature
sensors C'1 on the knee surface measure the values of outer
variables, such as the value (7) of the temperature on the
skin or the actual heat flux between the knee and the cooling
pad, and provide feedback for the physiological response of
the patient. The sufficient number of sensors is determined
using machine learning methods. In order to control the deep
knee temperature successfully in an arbitrary knee without
measuring it, we need to predict the value of the inner variable,
i.e. the value (8) of the deep temperature, from the non-
invasively measured outer variables (7), i.e. the temperatures
on the knee skin, using predictive model D obtained by
knowledge extraction from the simulated data E. The light-
weighted predictive models can be now implemented on a low
performance computer that controls the cryotherapy. Computer
simulations of heat transfer in biological tissues, using spatial
models of human knee, form the ground base for providing
the simulated data F.

B. Computer Simulation

The implementation of the framework for the case of real-
time control of inner knee temperatures during therapeutic
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cooling starts with the computer simulation of the system. We
simulate topical cooling of a human knee after ACL recon-
structive surgery using cryoceutical pad cooled by a liquid at
constant temperature maintained by an external cooling device
(computer-controlled cryotherapy). The basis of the simulation
model is the heat transfer in biological tissues, modeled with
the bio-heat equation that incorporates heat conduction, heat
transfer between blood and tissues, and heat production by
metabolism [13], [14]:

biological response

oT 1 pbed 1
= — V- -AVD)+—2V(T) (T, —T)+ —hm(T),
e ( ) e, (1T)( ) - (T)

heat transport

where V = (9/0x,0/0y,0/0%) is differential operator in
terms of Cartesian coordinates (x,y, z), T is the temperature
of a tissue, ¢ is time, p, ¢, and A are density, specific heat,
and thermal conductivity of a tissue, p® and cg are density and
specific heat of the blood. The function V,.(T) is the blood flow
rate and the function h,,(T) is the metabolic heat production
per unit mass. The temperature T, = 36.8°C' stands for the
reference tissue temperature. The total blood flow is separated
into regional blood flows V,.(T') for each tissue:

ot )
~——

metabolic heat

blood perfusion

Vi(Ts) = v,(5.142:10 77232275 10.705)mi(100ml) " tmin ™",

where T, is the skin temperature and v, is dimensionless
regional blood flow rate fraction specific for a tissue [44],
[45]. The rate of metabolic heat production per unit mass A,
is expressed as a function of the tissue temperature following
the Q10 rule [46]:

T—Ty

h’m(T) = h’72 10 )

where h, is the reference metabolic heat production of a
tissue at reference temperature 7' = 35°C. Outside the tissue,
the bio-heat equation is reduced to the classical heat transfer
(diffusion) equation, as both biological sources disappear. The
heat flow between the skin surface and the ambient air is
simulated using convective boundary conditions, based on the
continuity of the heat flow perpendicular to the surface of the
simulated body part [47]:
AT H(Ty ),

where 0/0n denotes derivative along the outward normal
to the surface in contact with the air, 7T,,, stands for the
ambient temperature, and H = 16Wm?2 /°C' is convection
coefficient determined by numerical experiments for thermo-
neutral conditions (7, = 26°C and T, = 33°C) [45].

The computational domain is composed of knee geometrical
model with surrounding layers: protective bandage, cooling
layer, isolating blanket and ambient air. The rest of the
surrounding space around the knee represents the ambient air
that is assumed to be well-mixed and thus has a constant
temperature. A three-dimensional geometric model of the knee
is derived from cross sections available from the Visible
Human Dataset [15]. The body parts are composed of different

towards hip )
bone . N - subcutaneous tissue
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1
- ambient air
z " skin
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towards foot

Fig. 3. Computational domain of the topical knee cooling simulation.

TABLE |
THERMO-PHYSICAL PARAMETERS AND INITIAL TEMPERATURES OF
SIMULATED SUBSTANCES. CONSTANT TEMPERATURES ARE DENOTED

BY *.

Substance A {%] Cp [k‘gi}(] o [%] vr Ay [%} T[°C]
skin 0.51 3431 1200 0.4 03725 35
subcutaneous tissue 0.55 2241 812 0.4 03725 35.6
muscle 1.03 4668 1179 0.8 0.6573 36
bone 2.28 1260 1700 0.2 0.0372 36
ligament 0.33 3966 1250 0.2 0.0372 36
cartilage 1.5 2275 1160 0.2 0.0372 36
nerve 0.5 3277 1190 1.1 03725 36
venous blood 0.67 3890 1057 0 0.0372 36
arterial blood 0.67 3890 1057 0 0.0372 36.8*%
meniscus 1.5 2275 1160 0.2 0.0372 36
joint liquid 0.58 4204 1000 0 0 22
ambient air 0.025 1012 1.29 0o 0 25%
bandage 0.04 1175 150 0 0 30
blanket 0.05 1200 450 0 0 25
cooling liquid 0.58 4204 1000 0 0 9%

tissues (muscles, bones, cartilage, fat, vessels and nerves). The
knee area is cropped from a male cross-section photographs
number 2200 (model slice 1 on the top) to 2390 (model slice
191 on the bottom) as rectangles of 550 (width) x 610 (height)
pixels. The simulation environment is imitated by an isolated
cube composed of z X y X z = 223 x 243 x 191 = 10 350 099
small voxels, independently characterized by thermodynamic
properties and initial temperatures. Each voxel has a volume of
Imm3. The influence of the rest of the leg that is not simulated
is considered by setting the heat flux at the boundaries to
zero, indicating a thermal equilibrium between the modeled
and excluded parts of the knee. The simulation can be carried
out in 2-D with the heat flux in the axial direction set to
zero. The simulation setup is presented in Fig. 3. The thermo-
physical parameters and the initial temperatures used in the
simulation are listed in Table I. The governing system of
partial differential equations is numerically solved on parallel
computers through time and spatial discretization with the
explicit finite difference method and the Euler time stepping
[16]. More details on the computer simulation can be found
in [12].

The numerical solution procedure for the treatment of heat
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transfer in biological tissues has been validated with extensive
in vivo measurements during computer-controlled cryotherapy
obtained in our previous clinical study [3]. The validation
results have confirmed that the used model and numerical
procedure are appropriate for the simulation of heat transfer
in bio-tissues [12], [32].

C. Predictive Modeling

The validated simulation model of topical knee cooling is
used to generate an extensive amount of simulated data for
different simulation scenarios with variation of the simulation
parameters, namely knee size, blood flow rate and cooling tem-
perature. Previous evaluations have shown that variations in
the knee size and the blood flow rate have the most important
impact on the temperature profiles [12]. Moreover, analyses
have showed that the difference between the simulations in
3-D and in 2-D under the same conditions is not significant.
Therefore, we have performed computer simulation of two-
hour cooling of a knee after surgery in 2-D for 1400 different
settings resulting from:

e 10 knee size values, starting from average-sized knee
and then scaling down to a small-sized knee and up to
a large-sized knee, while considering the range of real-
value human knee size.

¢ 10 blood flow rates, starting from normal blood flow rate
with the blood flow parameters for different tissues set
as in Table I, and then scaling linearly up and down by
20%.

e 14 cooling temperatures, ranging from 2°C to 15°C.
The range and the accuracy of 1°C for the cooling
temperature was set according to the specifications of
cryotherapeutic devices, namely, the CTS100 device by
Waegener (Waegener R&D, Belgium).

The main machine learning task considered here belongs
to the predictive modeling setting, i.e., building a predictive
model that will predict the inner knee temperature as output
or target attribute based on other outer knee temperatures as
descriptive or input attributes. Therefore, the simulated raw
data were pre-processed to obtain the dataset for the predictive
modeling tasks, i.e. the training dataset. The positions of
the voxels whose temperature was extracted as input and
output attributes are schematically shown in Fig. 4 on the
2-D geometrical model of the knee used in the simulation.
The input temperature attributes are temperatures on four
locations on the knee skin (SK1, SK2, SK3, SK4), and on
four respective locations on the protective bandage (BA1, BA2,
BA3, BA4). The output temperature is the temperature in the
intercondylar notch (ICN). Furthermore, the knee size and
the temperature of the cooling liquid are also considered as
input attributes. The dataset also includes a short history of
each input temperature attribute: the values of the temperature
attributes are all taken in the current and in five previous time
steps with the resolution of 1 second.

Next, a predictive modeling on the training dataset is per-
formed. First, feature ranking using the RReliefF method [48]
has revealed that the most important features for predicting
the inner knee temperature are the skin temperatures that

Fig. 4. Inner and outer knee positions whose temperatures are used
in the training dataset. The positions are marked with crosses on a 2-
D knee model — slice 101 in the level of the intercondylar notch. ICN —
intercondylar notch, SK — skin, BA — bandage (1 — anterior, 2 — medial,
3 — posterior, 4 — lateral).

correspond to the temperatures of skin sensors placed anterior
and posterior to the knee. Next, based on the feature ranking
results, several scenarios for the performance of several meth-
ods for predictive modeling are investigated: linear regression,
regression trees, model trees, and ensembles of regression and
model trees [49], [50]. In order to estimate the predictive
performance of the methods, 10-fold cross validation is used.
Results have show that the model trees perform the best
with prediction error in the same range as the accuracy
of the simulated data (0.1°C). Furthermore, they meet the
framework requirements for small memory size and real-time
response. Results have shown that using only temperatures
from skin sensors as input attributes gives excellent prediction
for the temperature in the knee center. Moreover, satisfying
predictive accuracy is also achieved by using short history
of temperatures from just two skin sensors (placed anterior
and posterior to the knee) as input variables. The predictive
modeling part of the framework is covered in more details in
[22].

D. Fuzzy Logic Controller

Fuzzy logic applies the easy design of logic controllers
for the control of complex continuously varying systems.
Fuzzy controllers are conceptually very simple. First, the
crisp input variables in a fuzzy control system are mapped
by sets of membership functions known as fuzzy sets. The
process of converting an input value to a fuzzy value is called
fuzzification. Then, based on the knowledge for the system, the
rules written in natural language are translated into fuzzy logic
rules in the form of IF-THEN statements. Given the mappings
of input variables into membership functions and truth values,
the fuzzy controller then makes decisions for the action based
on a set of rules. Next, all the rules that apply are invoked
and their results are combined. Finally, the combined result is
converted from the fuzzy domain back into a specific control
output value, a procedure known as defuzzification.
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The most common shapes of membership functions are tri-
angular or trapezoidal, although bell curves are also used. The
shape is generally less important than the number of curves
and their placement. It is recommended for the membership
functions to overlap in order to allow smooth mapping. The IF-
THEN rules have two parts: the IF part is called the antecedent
and the THEN part is called the consequent. The fuzzy rule
sets usually have several antecedents that are combined using
fuzzy operators, such as AND, OR, and NOT. AND uses the
minimum weight of all the antecedents, OR uses the maximum
value, and NOT operator gives the complementary of the
membership function. There are several ways to define the
result of a rule, but one of the most common is the max-min
inference method, in which the output membership function
is given the truth value generated by the premise.

The results of all the rules that have fired are defuzzified to
a crisp value by one of several methods. There are dozens of
methods for defuzzification proposed in the literature, each
with various advantages or drawbacks (Shaw, 1998). The
following defuzzification methods are of practical importance:

e Center-of-Area (CoA) - The centroid method, in which
the center of mass of the result provides the crisp value,
is the most popular defuzzification method. The CoA
method is often referred to as the Center-of-Gravity
method because it computes the centroid of the composite
area representing the output fuzzy term.

¢ Center-of-Maximum (CoM) - In the CoM method, only
the peaks of the membership functions are used. The
defuzzified crisp compromise value is determined by the
place where the weights are balanced. Thus the areas
of the membership functions play no role and only the
maxima (singleton memberships) are used.

e Mean-of-Maximum (MoM) — The MoM method is used
only in some cases where the CoM approach does not
work. This occurs whenever the maxima of the member-
ship functions are not unique.

Considering the framework design for control of the inner
knee temperature shown in Fig. 2, the input to the controller
(the error) is defined as the difference between the desired and
the predicted inner knee temperature, and the output of the
controller as the change in the cooling temperature. Further,
the sampling interval is defined as the time interval when
the controller invokes a control action. We define fuzzy sets
for two inputs: the error and the derived change in error
— delta (the difference between the error in the previous
and the current sampling interval), as well as the output —
cooling. In this way, a discrete fuzzy proportional-derivative
(PD) controller is designed, shown to perform better than
the conventional PD controller in many cases of non-linear
systems [30], [31]. The definition of the fuzzy sets is given in
Table II. The membership functions are defined for the inputs
as in Fig. 5 and for the output as in Fig. 6. The following
reasoning is behind the definition of the fuzzy sets:

o The zero fuzzy sets for the error and delta must not be
very small because we have to encounter the possible
errors made by the predictive model as well. If these
fuzzy sets are very small, the chance for wrong control

TABLE Il
Fuzzy SETsS.

error delta cooling

P: Large Positive P: Positive Dec: Decrease

SP: Small Positive Z: Zero Z: Hold

Z: Zero N: Negative | Inc: Increase

SN: Small Negative

N: Large Negative

Input variable: error Input variable: delta
LN SNz SP P LN z P
| A\ \
0 0 -
-1 -05 0 0.5 1 -0.25 0 0.25

Fig. 5. Membership functions for the controller input variables.

Output variable: cooling
Dec Z Inc
1
0
-2 -1 0 1 2

Fig. 6. Membership functions for the controller output variable.

actions because of prediction error will increase.

¢ The cooling fuzzy set is defined according to the speci-
fications of existing cryotherapeutic devices, namely, the
cryotherapeutic device used in the clinical study in [3].
The decrease and increase of the cooling temperature is
set to the minimal accuracy of the device, i.e. 1°C.

o Larger fluctuations of the cooling temperature can cool
or warm the knee to an extent that reversing back to a
previous temperature state can take longer.

The rules of the fuzzy logic controller are given in Table
III. The presented rule set has resulted from a trial-and-error
approach while designing the controller. Namely, the design of
the fuzzy logic controller is a result of previous evaluations of
several variations of the rule sets and fuzzy sets; especially the
input fuzzy sets, since the output set is more or less determined
by the performances of cryotherapeutic devices. Similar to PID
controllers, fuzzy controllers also need to be tuned for optimal
performance. The tuning involves the selection of fuzzy sets
and the definition of their membership function, as well as the
minimal set of rules that results in a desired behavior of the
controlled system for different scenarios.

The reasoning for the present rule set originates mostly
from our knowledge of the system operation, i.e. therapeutic
knee cooling. Specific considerations in the design include the
following:

o The cooling temperature should be changed as little as
possible, i.e., cooling with a constant temperature as long
as the inner temperature is distant from the target value
and the error decreases (Rule 9). The reasoning behind
this rule is not to cool the knee to a large extent because
if warming is later needed, the knee will warm up very
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TABLE Ill
Fuzzy SYSTEM RULES.

1. IF  error is P THEN  Cooling is Inc
2. IF  error is SP THEN  Cooling is Inc
3. IF  erroris Z AND deltaisP THEN  Cooling is Inc
4. IF  erroris Z AND deltaisZ THEN Cooling is Z

5. IF  erroris Z AND deltais N THEN  Cooling is Dec
6. IF  ermroris SN AND deltais P THEN  Cooling is Inc
7. IF  erroris SN AND deltaisZ THEN  Cooling is Dec
8. IF  erroris SN  AND deltais N THEN  Cooling is Dec
9. IF  erroris N AND deltaisP THEN Cooling is Z

10. IF erroris N AND deltais Z THEN Cooling is Dec
11. IF erroris N AND deltais N THEN  Cooling is Dec

slowly since it will possess significant stored self-cooling
energy.

e The reasoning behind Rule 6 (that at first looks like
opposite reasoning) is that it takes time to achieve sig-
nificant change of the temperature in the knee center
when the cooling temperature is changed. With this
rule, the controlled temperature is prevented to go much
above/below the target. This is also closely related to the
previously discussed Rule 9. The question that can be
asked here is why not also opposite reasoning for Rule
2. The answer is that the knee cools faster than it warms
and if Rule 2 decreases instead of increases the cooling
temperature, the target temperature may not be reached.

Additional specific implementation settings of the controller
include the following:

o The cooling temperature has a lower limit at 2°C, which
is the minimal temperature that can be set in the cooling
pad of existing cryoceutical devices. Constant cooling
with very low temperatures can be harmful for the treated
tissues and can increase the risk for frostbite and nerve
damage [51]. Therefore, the cooling temperature must be
bounded from below.

o The minimal sampling interval of the controller should
not be below the time needed for the cryotherapeutic
devices to change the temperature of the cooling liquid,
i.e. 2 minutes. Moreover, the cooling temperature should
not be changed too frequently because frequent changes
can cause possible complications on the treated tissues.
Also, the sampling interval should not be too large —
larger sampling interval can cause the response time of
the control system to be prolonged, i.e., the controlled
output will be reaching the target very slowly. The
decision for the value of the sampling interval has to
balance between these limitations in order to provide near
real-time control.

e The error and delta input values are rounded to the
accuracy of the simulation data, i.e. 0.1°C. This is also
the reasonable minimum accuracy of medical temperature
measurements.

The fuzzy logic controller has been implemented using the
Fuzzy Logic Toolbox in MATLAB. The inference method used
is max-min. Because of the discrete nature of the controlled
output, the MoM defuzzification method is used.

V. RESULTS

The experimental evaluation of the proposed framework
for personalized real-time control of inner knee temperatures
during therapeutic cooling is performed with simulated instead
of measured knee temperatures. The evaluation with measured
values would require a new clinical study with invasive in
vivo knee temperature measurements. When evaluating the
framework on a real case, the cooling conditions should be
administered following a strict protocol. This includes unified
preparations of each knee for cooling (predefined bandage
thickness and positions of the skin sensors) as well as unified
conditions during the cooling (uniform coverage of the knee
with the cooling pad).

The performance of the framework has been evaluated
with a custom-made evaluation engine designed in MATLAB.
The engine combines the numerical solver of the computer
simulation implemented in C++, the predictive model imple-
mentation in Java, and the fuzzy logic controller implemented
in MATLAB. The best performing model tree with input
attributes — temperatures on four locations on the knee skin
[22], has been used as predictive model in the framework.

The evaluation results are presented as temperature evolu-
tion in the knee center during controlled cooling treatment. In
addition, the temperature evolution in the knee center during
uncontrolled cooling treatment with constant cooling temper-
ature is presented for comparison. Both cooling methods start
at cooling temperature of 9°C — the initial cooling temperature
of the Waegener cooling protocol used in [3]. The sampling
interval is set to 10 minutes, but it is a user-defined value
that can be set as desired or needed. The target inner knee
temperature has been set to 27°C, but can also be set to any
desired or required value. The framework was evaluated for
9 hours of controlled cooling treatment for several scenarios
to test the robustness and controllability of the system. All
scenarios use the same fuzzy logic controller designed in
Section III-D.

A. Robustness

To study the robustness of the system, the knee size and the
blood flow rate are varied as system parameters that impact
the temperature profiles in the cooled knee the most [12]. The
blood flow parameters for different tissues are set as in Table
L.

We first evaluate the framework for small-, average- and
large-sized knees, with normal and constant blood flow rate.
The results are presented in Fig. 7, Fig. 8 and Fig. 9, respec-
tively. The results confirm stability of the system for different
settings of the knee size. In all scenarios, the predicted inner
knee temperature follows the simulated inner knee temperature
very well. The results show that the control of the cooling tem-
perature is needed for small- and large-sized knees, especially
in the case of a small-sized knee. Smaller-sized knees respond
faster and to a larger extent to temperature changes in the
cooling compared to larger-sized knees. The controlled cooling
protocol does not allow for a small-sized knee to be cooled
below the target inner knee temperature. For a large-sized
knee, the uncontrolled cooling protocol does not lower the
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Fig. 7. Control of inner knee temperature during therapeutic cooling
of a small-sized knee with normal blood flow rate. The controlled
cooling is compared with uncontrolled cooling, i.e. cooling with constant
temperature of 9°C.
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Fig. 8. Control of inner knee temperature during therapeutic cooling
of an average-sized knee with normal blood flow rate. The controlled
cooling is compared with uncontrolled cooling, i.e. cooling with constant
temperature of 9°C.

inner knee temperature, while the controlled cooling protocol
succeeds to bring the inner knee temperature closer to the
target value. For average-sized knees, both cooling protocols
— controlled and uncontrolled — perform approximately the
same. However, if the blood flow rate in an average-sized knee
is for any reason larger, then controlled cooling is required.
Fig. 10 shows the results for a scenario with average-sized
knee and 100 % larger blood flow rate than the nominal blood
flow rate.

In the case of large-sized knee with normal blood flow
(Fig. 9) and average-sized knee with larger blood flow (Fig.
10), the controlled inner knee temperature at the end of the
cooling has not reached the target value: there is an offset of
0.7°C for large-sized knee with normal blood flow and offset
of 0.6°C for average-sized knee with larger blood flow. In
these cases, the cooling temperature at some point reaches its
minimum and the cooling continues with constant temperature
of 2°C. Several hours of cooling at the minimal temperature
are still not enough to lower the controlled temperature to the
target value. However, the offsets from the target value are
acceptable. Lowering the cooling temperature even more in
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Fig. 9. Control of inner knee temperature during therapeutic cooling of
large-sized knee with normal blood flow rate. The controlled cooling is
compared with uncontrolled cooling, i.e. cooling with constant tempera-
ture of 9°C.
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Fig. 10. Control of inner knee temperature during therapeutic cooling
of an average-sized knee with large blood flow rate. The controlled
cooling is compared with uncontrolled cooling, i.e. cooling with constant
temperature of 9°C.

order to reach the exact target value is not a solution since it
can increase the risk for frostbite and nerve damage.

Next, we evaluate the framework in the case of immeasur-
able disturbance, such as sudden change in the blood flow
rate. The results for scenarios with blood flow rate suddenly
increased after 2 hours and after 4 hours of cooling are
presented in Fig. 11 and Fig. 12. In both scenarios, the pre-
dicted inner knee temperature follows the simulated inner knee
temperature adequately. Therefore, the framework recognizes
the physiological change in the knee and consequently adapts
the cooling temperate. On the other hand, the uncontrolled
cooling protocol allows for the temperature inside the knee
to increase dramatically. Again, in both scenarios, an offset
(0.6°C) from the target value can be observed at the end of
the cooling. The reason is the same as the one stated above: the
cooling temperature reaches its minimum that is not enough
to lower the controlled inner temperature to the target value.

B. Controllability

Finally, the response of the framework to a deliberate
change of the target inner knee temperature is investigated.
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Fig. 11. Control of inner knee temperature during therapeutic cooling of
an average-sized knee with sudden change in the blood flow rate from
normal to large after 2 hours of cooling. The controlled cooling is com-
pared with uncontrolled cooling, i.e. cooling with constant temperature
of 9°C.
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Fig. 12. Control of inner knee temperature during therapeutic cooling of
an average-sized knee with sudden change in the blood flow rate from
normal to large after 4 hours of cooling. The controlled cooling is com-
pared with uncontrolled cooling, i.e. cooling with constant temperature
of 9°C.

The results for a scenario with change of the target inner knee
temperature from 27°C to 29°C after 3 hours of cooling are
presented in Fig. 13. Here, the comparison is made with an
uncontrolled cooling treatment with a constant cooling temper-
ature of 9°C until the target is changed. Because the change
of the target temperature is a known input to the system,
after the target temperature is changed by 2°C, the constant
cooling temperature of the uncontrolled cooling treatment is
also increased by 2°C. Such a scenario will allow for a more
proper comparison of the controlled and uncontrolled cooling
therapies.

The results show that the framework manages to follow
the change in the target temperature and the inner knee
temperature again reaches its target after 4 hours of controlled
cooling. On the contrary, the uncontrolled cooling protocol
does not succeed to increase the inner knee temperature
towards the target, although the cooling temperature was in-
creased appropriately. In this scenario, larger prediction errors
can be noticed around 4 hours. The cooling temperature at
that time is set to the value of 17°C. Simulation settings for
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Fig. 13.  Control of inner knee temperature during therapeutic cooling
of a knee with average size and normal blood flow rate with change
in the target temperature after 3 hours of cooling. The controlled
cooling is compared with uncontrolled cooling, i.e. cooling with constant
temperature of 9°C until the target is changed, and cooling with constant
temperature of 11°C after the target is changed by 2°C.

cooling temperatures higher than 15°C have not been included
in the training dataset. Therefore, the predictive model does
not perform as well as it would do so for simulation settings
that have been included in the dataset. However, besides the
errors in prediction, the controller still takes good corrective
control actions. An offset of 0.6°C from the target value can be
observed at the end of the cooling because of the prediction
errors. In future work, the dataset should be extended with
simulation settings with a larger range of cooling temperatures
in order to improve the performance of the predictive model
in such scenarios.

In all scenarios, the sampling time of the controller has been
set to 10 minutes. The sampling time dictates the response
time of the control system. If the response time of the system
needs to be prolonged or shortened, the sampling time should
be set to larger or smaller time intervals. The framework
implementation allows for the sampling time to be custom
set. This feature of the framework can be used to investigate
different types of controlled cooling protocols and contribute
to standardization of cryotherapeutic methods.

V. DISCUSSION AND CONCLUSIONS

The paper formalizes, implements and evaluates a frame-
work for personalized real-time control of hidden inner body
temperature variables during therapeutic cooling when the
feedback cannot be obtained by measuring the controlled
output variable either because the system is non-invasive, like
most of the examples in biomedicine, or for any other reason.
The control loop then uses the feedback information from
other measurable variable/s of the system that can be used
to estimate the controlled output variable of interest. The
work leverages three research areas from computer science
and engineering for that purpose: computer simulations — to
provide safe and inexpensive insight into the process/system
to be controlled; machine learning — to provide methods for
predicting the hidden controlled output from the measurable
ones based on the data generated from the simulations; and
control theory — to provide control techniques applicable in
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systems with constraints in the control input. The framework is
evaluated on a real-world problem in the field of biomedicine
— real-time control of the inner knee temperature during
cryotherapy after surgery.

The need for non-invasive control of inner knee temperature
during therapeutic cooling is based on the finding that the
cryotherapy should be controlled depending on the individual
patient’s response, which raises the need for smart cooling
devices for personalized therapy. In ordinary control systems,
based on the principle of feedback, the variable to be con-
trolled is measured and compared to a desired reference, and
the discrepancy is used to compute a corrective control action.
The proposed solution is a method for non-invasive real-time
control of inner temperature variables during therapeutic cool-
ing or heating, based on the feedback control loop that uses
predicted, instead of measured, inner temperatures because
measurements are not feasible or would introduce invasive-
ness into the system. The method uses machine learning to
construct a predictive model for estimation of the controlled
inner temperature variable based on other variables whose
measurement is more feasible, i.e. temperatures on the body
surface. The machine learning method uses data generated
from computer simulation of the therapeutic treatment for
different input simulation parameters. To the best of our
knowledge, a method for non-invasive real-time control of in-
ner temperatures during therapeutic treatment with cooling or
heating by using individual patient’s feedback on the treatment
is not yet known. Moreover, the use of simulation or predictive
modeling, or the combination of the two, for estimation of
controlled inner temperature variables in therapeutic control
systems, has not been yet exploited.

We have performed experimental evaluation of the proposed
framework for real-time control of inner knee temperature
during therapeutic cooling. A fuzzy logic controller was de-
signed to provide adequate near real-time control of the inner
knee temperature by controlling the cooling temperature. The
framework was evaluated for robustness and controllability.
The results have shown that the controlled cooling is essential
for small- and large-sized knees, which are significantly more
or less sensitive to the cooling compared to average-sized
knees. Moreover, the framework recognizes dynamic physi-
ological changes or potential changes in the system settings,
such as extreme changes in the blood flow or changed target
inner knee temperature, and consequently adapts the cooling
temperature to reach the target value.

The proposed solution is based on currently available
computer-controlled cryotherapeutic devices with the ability
to control the cooling intensity. Computer-supported cryother-
apeutic devices are becoming more common and are replacing
the classical passive therapies based on ice. These growing
trends are stimulated by the higher efficiency and controllabil-
ity of the heat extraction or heat supply, the shorter treatment
time, and the possibility to introduce an external pressure
on the injured body part provided by computer-supported
cryotherapeutic devices. Furthermore, these abilities of such
devices are used in order to adjust the cooling intensity based
on a personal feedback for the cooling treatment of each
patient and achieve non-invasive control of inner temperatures

according to predefined trajectory. The proposed framework
can be deployed as an upgrade of the current cryotherapeutic
devices with few small thermo sensors (thermistors) and a sup-
port mini on-board computer with very little additional cost.
The light-weighted predictive model and a set of fuzzy logic
rules for control correspond to the mini-computer architecture
of such devices. Much more sophisticated cryotherapeutic
devices, based on the proposed principles, would have the
ability to control cooling not only in term of intensity but also
in term of locality. The cooling pad could have more inputs in
order to maintain specified temperatures in different regions
of the cooled part of the body. Such a smart cooling device
would be able to perform cooling adapted to the individual
patient’s response and contribute to improved postoperative or
post injury treatment. Moreover, controlled therapeutic cooling
can contribute to the evaluation of various cryotherapeutic
methods, and further development and standardization of
cryotherapy. We believe that the above-listed potentials will
increase the interest for the results of this paper.

The work presented in this paper can be extended in several
directions. First, the evaluation of the framework for real-time
control of inner knee temperature during therapeutic cooling is
performed with simulated instead of measured knee tempera-
tures since the evaluation with measured values would require
a new clinical study for invasive in vivo knee temperature
measurements. The clinical evaluation of the framework is a
major step in the direction of future work. For that purpose, a
prototype of an updated computer-controlled cryotherapeutic
device with the means of controlling the inner knee tem-
perature should be first implemented. Next, for achieving
even better predictive performance in real-life therapeutic
cooling, the dataset can be extended with simulated data for
a wider range and/or higher resolution of already varied input
parameters (cooling temperature, knee size and blood flow
rate), or variations of other input simulation parameters, such
as initial temperature state and thermo-physical parameters of
substances. The proposed framework for personalized non-
invasive real-time control of hidden inner body temperature
variables can be applied for control of inner temperatures
during therapeutic cooling or heating of any part of the
body. The application includes using already developed valid
simulation model of bio-heat transfer in the treated body part.
The modular design and implementation of the framework
allow for easy inclusion of different simulation or predictive
models, which does not affect the basic idea for control of
inner body temperature variables, difficult or impossible to
be measured, based on outer variables whose measurement
is more feasible. The results of the paper confirm that the
proposed framework for control of inner body temperatures
can significantly improve the process of therapeutic cooling
or heating.
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