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A B S T R A C T

Background and objective: This study aims to enhance the performance of a closed-loop anesthetic depth
control system by fusing noise-corrupted clinical measurements with a non-perfect pharmacological model.
Methods: We implement a Kalman filter to constitute a trade-off between model prediction and measurement
signal dependence for depth of hypnosis (𝐷𝑜𝐻) control using a previously evaluated PID controller. This trade-
off is adjusted online, based on signal quality index (𝑆𝑄𝐼) feedback, provided by the clinical 𝐷𝑜𝐻 monitor,
in this case assumed to be the bispectral index (BIS) monitor.
Results: Our simulations show that the proposed solution leads to fundamental performance improvements
over the traditional monitor feedback case, which fails to provide the required clinical performance when the
𝑆𝑄𝐼 drops due to signal inference. In particular, the soft sensor approach increases the time of 𝐷𝑜𝐻 within
the recommended clinical range of 40–60 BIS from 71% to 99%, compared to simple feedback of the noisy
monitor output.
Conclusion: Our Kalman filter soft-sensor approach succeeds in importantly increasing system robustness to
measurement signal disturbances by combining sensor measurements and model predictions.
1. Introduction

A key challenge in general anesthesia is to adequately control the
depth of hypnosis (𝐷 𝑜𝐻) in the patient [1]. In this paper, we consider
𝐷 𝑜𝐻 control using the intravenously infused drug propofol. The control
is challenging, since 𝐷 𝑜𝐻 cannot be measured directly, but is only
observed indirectly through correlated signals and patient signs. In
addition to manual titration, two computer-controlled dosing regimens
have gained ground.

Of these, target-controlled infusion (TCI) [2] has received the broad-
est clinical acceptance to date. TCI is a model-based feed-forward
strategy, that optimizes an infusion trajectory offline, based on a user-
provided reference. As such, it is vulnerable both to model errors
and external disturbances, since the infusion is not based on actual
measurements of the patient state. However, if the anesthesiologist
suspects model errors or disturbances based on patient observations,
they can update the setpoint concentration.

The other computer-controlled dosing strategy that has to date
been employed in several research studies is closed-loop control. It

∗ Correspondence to: Department of Automatic Control, Lund University, SE-221 00, Lund, Sweden.
E-mail addresses: ylva.wahlquist@control.lth.se (Y. Wahlquist), nicola.paolino@unibs.it (N. Paolino), michele.schiavo@unibs.it (M. Schiavo),

antonio.visioli@unibs.it (A. Visioli), kristian.soltesz@control.lth.se (K. Soltesz).

relies on feedback from a 𝐷 𝑜𝐻 estimate, provided by a non-invasive
processed electroencephalogram (pEEG) monitor [3]. Such monitors
report 𝐷 𝑜𝐻 on the bispectral index (BIS) scale, where 100 is the
maximum achievable cortical activity (being awake corresponds to a
value near 100), and 0 represents an iso-electric EEG (corresponding
to the maximally achievable 𝐷 𝑜𝐻) [4].

Closed-loop systems are well known to outperform open-loop ones
when suitably designed and tuned. That is why several research ef-
forts have been made to design closed-loop architectures, as demon-
strated by [5–7]. The closed-loop control algorithm could be a simple
proportional–integrative–derivative (PID) [8] controller as in [9–13],
or some more advanced one as in e.g., [14–20]. We have previously
shown that the control performance of these systems is mainly limited
by the modeling uncertainties such as those coming from inter- and
intra-patient variability, rather than by the choice of control algo-
rithm [10,21]. Hence, we base our example on a PID-controlled system,
although the methodology we introduce is equally applicable to other
types of controllers. While closed-loop systems provide some means
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Fig. 1. Control scheme featuring the proposed Kalman-filter-based soft sensor (bottom left shaded box). The components are described one by one in Sections 2.1 to 2.4. The
objective is to follow the 𝐷 𝑜𝐻 reference 𝑟, by adequately titrating the infusion rate 𝑢, in presence of surgical disturbance 𝑑, measurement noise 𝑛, electric monitor inference 𝑚,
nd imperfection of the patient model.
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to attenuate external disturbances and cope with model errors, they
re vulnerable to corruption of the measurement that constitutes the

feedback signal.
Alongside a 𝐷 𝑜𝐻 estimate, clinical 𝐷 𝑜𝐻 monitors provide a signal

uality index (𝑆 𝑄𝐼) ranging from 0–100 (low–high signal quality). This
ndex, which is updated and displayed on the monitor, provides the

anesthesiologist with an estimate of the current BIS measurement relia-
bility. In clinical practice, a 𝐷 𝑜𝐻 measure associated with an 𝑆 𝑄𝐼 ≤ 50
is considered unreliable [22]. Signal quality loss directly affects the
anesthesiologist’s working procedure since they cannot rely on the 𝐷 𝑜𝐻

onitor while adjusting the drug infusion rate. Low 𝑆 𝑄𝐼 values are
ommon during general surgery [23,24]. This can, for example, be due

to forehead motion, improper sensor placement, or electrical inference
from the use of an electro-scalpel [25].

We consider a scenario where the monitor 𝐷 𝑜𝐻 estimate is cor-
upted by inference. By introducing a novel soft-sensor approach to
losed-loop controlled anesthesia, we can maintain patient safety de-

spite loss of signal quality. This is achieved by a Kalman filter, a
lassic methodology that has been only recently exploited in biomedical

and biomechanical engineering [26,27]. In particular, the usage of a
alman filter in the anesthesia field has been proposed in, for exam-
le, [28] to estimate both the state and parameters of the system to

predict the future trajectory. Here, a linear Kalman filter is used to shift
the balance from measurement to model reliance (i.e., from ordinary
closed-loop towards TCI), when 𝑆 𝑄𝐼 is decreased. When signal quality
is good (𝑆 𝑄𝐼 closer to 100), feedback will essentially be based on the
monitor output, as in conventional closed-loop controlled anesthesia.
In contrast, when signal quality is poor (𝑆 𝑄𝐼 closer to 0), the feedback
will be based mainly on the model prediction, and effectively behave
like TCI.

In this work, we introduce a novel Kalman-filter-based soft-sensor
concept for anesthesia control. To demonstrate this methodology, we
use a patient simulator that explicitly models both patient variability
(model uncertainty), measurement disturbances that our model-based
soft-sensor is purposed to attenuate, and measurement noise.

The novelty of our approach thus lies in using the Kalman filter as a
tuning knob to shift between model and measurement reliance, rather
than as the minimum-variance estimator where its tuning parameters
are optimized to minimize estimation error, assuming some Gaussian
state and measurement noise processes.

2. System architecture

Our proposed closed-loop control architecture is shown in Fig. 1. It
consists of four main components: the patient dynamics (Section 2.1),
the Kalman-filter-based soft sensor (Section 2.2), the clinical 𝐷 𝑜𝐻

onitor (Section 2.3), and the drug-dosing closed-loop controller (Sec-
tion 2.4).
2

f

2.1. Patient

Kalman filtering is a model-based approach, and in our case, pa-
ient dynamics are modeled by a conventional four-compartment linear
harmacological model [21,29,30]. These linear models are the gold

standard to represent propofol pharmacokinetics and they have been
employed in commercial devices, such as in TCI [31]. Precisely, the
model is defined as

𝒙̇(𝑡) = 𝐴𝒙(𝑡) + 𝐵 𝑢(𝑡), (1a)

𝑒(𝑡) = 𝐶𝒙(𝑡), (1b)

where

𝐴 =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

−(𝑘10 + 𝑘12 + 𝑘13) 𝑘21 𝑘31 0
𝑘12 −𝑘21 0 0
𝑘13 0 −𝑘31 0
𝑘𝑒0
𝑉1

0 0 −𝑘𝑒0

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (2a)

𝐵 =
[

1 0 0 0
]⊤ , (2b)

=
[

0 0 0 1
]

. (2c)

The system in (1) represents a linear system since the right-hand sides
f (1a) and (1b) are both linear functions of the state 𝒙 and input 𝑢.

Propofol infusion is modeled by the input signal 𝑢 [mg s−1]. The
irst state component, 𝑥1 [mg], represents the mass of propofol in the
lood plasma, while the last, 𝑥4 = 𝐶𝑒 [mg L−1], models the effect-
ite concentration, being the drug concentration in the cortex of the
rain. The other state components, 𝑥2 [mg] and 𝑥3 [mg], model the
ass distribution in fast and slow tissue, respectively. The parameters
10, 𝑘12, 𝑘13, 𝑘21, 𝑘31, and 𝑘𝑒0, in units of s−1, are rate constants,

and 𝑉1 [L] models the blood plasma volume. Note that the effect-site
concentration, or any of the other states, is not directly measurable.

Saturation effects at low and high effect-site drug concentrations are
modeled using a Hill sigmoid output nonlinearity [32]

𝐷 𝑜𝐻(𝑡) = ℎ(𝐶𝑒(𝑡); 𝛾 , 𝐶𝑒50, 𝐸0, 𝐸max) = 𝐸0 − 𝐸max
𝐶𝑒(𝑡)𝛾

𝐶𝑒(𝑡)𝛾 + 𝐶𝛾
𝑒50

. (3)

The 𝐷 𝑜𝐻 level in the absence of a drug is 𝐸0 ⪅ 100 BIS, and the maxi-
um deviation from this level is 𝐸max ⪅ 100 BIS. The effect-site concen-

ration 𝐶𝑒50 [mg L−1] is the concentration at which the hypnotic depth
s halfway between the limits defined through 𝐸0 and 𝐸max, 𝐷 𝑜𝐻 =
0−𝐸max∕2. The third parameter of (3), 𝛾, is a unitless shape parameter

that defines the steepness of the sigmoid, such that the limit 𝛾 → ∞
defines a 𝐷 𝑜𝐻 step between 𝐸0 and 𝐸0 − 𝐸max at 𝐶𝑒 = 𝐶𝑒50. Together,
(2) and (3) constitutes a so-called pharmacokinetic–pharmacodynamic
(PKPD) model, as thoroughly introduced and explained in [21].

Since we will use our model in a closed-loop interconnection with
 periodically sampled controller, we will use the approximation-error-
ree zero-order-hold discretization of (2). Denoting the sampling period
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𝑇𝑠 = 1 s, we index the samples so that if 𝒙(𝑡) = 𝒙𝑘, then 𝒙(𝑡+𝑇𝑠) = 𝒙𝑘+1.
This results in the discrete state space representation

𝒙𝑘+1 = 𝐹𝒙𝑘 + 𝐺 𝑢𝑘, (4a)

(𝐶𝑒)𝑘 = 𝐻𝒙𝑘, (4b)

with constant matrices 𝐹 = exp(𝐴𝑇𝑠), 𝐺 = ∫ 𝑇𝑠
0 exp(𝐴𝑠) 𝑑 𝑠 𝐵, and 𝐻 = 𝐶,

as derived and explained in [33]. The input at sample 𝑘 is denoted 𝑢𝑘.
The drug response dynamics vary between patients and are com-

monly modeled with fixed and random effects. The fixed effects model
the variability that can be explained by covariates such as age, height,
nd weight. The random effects model the remaining variability that is

not explained by covariates [21]. This is a well-established methodol-
ogy for modeling dynamic uncertainty in the drug response.

For a particular model parameter 𝜃 with fixed effect (nominal)
value 𝜃0, the parameter is assumed to be drawn from the log-normal
distribution

𝜃 = 𝜃0 exp(𝜂𝑝), (5)

where the random effect 𝜂𝑝 is a normal stochastic variable with zero
ean and variance 𝜎2𝑝 [34].

To reflect this, we use the Schnider population model [29], which
expresses the model parameters mentioned in the individual patient co-
variates age, height, weight, and gender. The Schnider model incorpo-
rates intra-patient variability (i.e., random effects) through coefficients
of variation (CV). The variances 𝜎2𝜃 of the PK parameter 𝜃 relates to the
corresponding 𝐶 𝑉𝜃 through [35]

𝜎2𝜃 = log
(

(

𝐶 𝑉𝜃
100

)2
+ 1

)

. (6)

Surgical stimulation typically increases the level of awareness in the
patient, thus affecting 𝐷 𝑜𝐻 . It is customary [21,36] to model the effect
of such stimulation as an additive disturbance 𝑑, acting on 𝐷 𝑜𝐻 , as
hown in Fig. 1.

2.2. Soft sensor

The Kalman filter is an optimal state estimator, in the sense that it
rovides the state estimate that minimizes error variance, given that
he system dynamics are linear and the noise is Gaussian [37].

While the Hill function (3) is non-linear, it is invertible. Particularly,
if we equate the right-hand-side of (3) its inverse is

𝐶𝑒(𝑡) = ℎ−1(𝐷 𝑜𝐻(𝑡); 𝛾 , 𝐶𝑒50, 𝐸0, 𝐸max) = 𝐶𝑒50

(

𝐸max
𝐸0 −𝐷 𝑜𝐻(𝑡)

− 1
) − 1∕𝛾

.

(7)

Since the parameters are not known with certainty, we will use es-
imates 𝛾̂, 𝐶𝑒50, 𝐸0, 𝐸max, as explained further in Section 3.2. The
locks ℎ̂ and ℎ̂−1 in Fig. 1 are thus obtained analogs of (3) and (7). In

particular, ℎ̂−1 constitutes a linearizing transform, providing a purely
measurement-based plasma concentration estimate 𝐶𝑒, used to drive
the Kalman filter.

The Kalman filter utilizes the model (2) together with a sequence of
sampled input–output data 𝑢, 𝐶𝑒 to provide an online estimate 𝒙̂ of the
ystem state 𝒙.

Internally, the filter stores its estimate, alongside an error covari-
nce matrix estimate 𝑃 , which it updates dynamically and uses to
ompute a gain vector 𝐿 that is used to drive the estimated state
owards the actual one based on model input–output data.

In the following, we present the equations defining the standard
Kalman filter. We use 𝒙̂𝑘,𝑘−1 to denote the estimate of 𝒙𝑘, based on data
up to and including 𝑘 − 1; 𝒙̂𝑘,𝑘 is the updated estimate incorporating
the data sample 𝑘. The same double-index notation is used for the
covariance estimate 𝑃 . The update equations for the gain 𝐿, covariance

̂

3

𝑃 and state estimate 𝒙 are given by
𝐿𝑘 = 𝑃𝑘,𝑘−1𝐻
⊤(𝐻 𝑃𝑘,𝑘−1𝐻

⊤ + 𝑅𝑘)−1, (8a)

𝑃𝑘,𝑘 = (𝐼 − 𝐿𝑘𝐻)𝑃𝑘,𝑘−1(𝐼 − 𝐿𝑘𝐻)⊤ + 𝐿𝑘𝑅𝑘𝐿
⊤
𝑘 , (8b)

𝒙̂𝑘,𝑘 = 𝒙̂𝑘,𝑘−1 + 𝐿𝑘((𝐶𝑒)𝑘 −𝐻 𝒙̂𝑘,𝑘−1), (8c)

𝐶𝑒)𝑘 = 𝐻 𝒙̂𝑘,𝑘, (8d)

while the prediction step is defined by

𝒙̂𝑘+1,𝑘 = 𝐹 𝒙̂𝑘,𝑘 + 𝐺 𝑢𝑘, (9a)

𝑃𝑘+1,𝑘 = 𝐹 𝑃𝑘,𝑘𝐹
⊤ +𝑄𝑘, (9b)

where 𝐹 , 𝐺 , 𝐻 define the model dynamics according to (4). The
easurement equation is given by (8d). The matrices 𝑄 and 𝑅 are the

ssumed covariances of the additive Gaussian noise, which corrupts the
rue state 𝒙 and the output 𝐶𝑒, respectively. Since we only have one
easurement signal, 𝑅 is scalar in our case. Further details, including
 derivation of (8) to (9) being optimal in the minimum-variance sense,

can be found in [38].
In essence, the Kalman filter combines its prior state estimate with

the current measurement to reduce the uncertainty associated with its
urrent state estimate. When the measurement covariance 𝑅 is large,
he Kalman gain is low. Then, the Kalman filter therefore relies more
n the model than the measurement for its state estimate update.

The main novelty of our approach is to relate the measurement
covariance 𝑅 to the 𝑆 𝑄𝐼 , to establish a trade-off between measure-
ment and model reliance. We do this by asserting the simple affine
elationship

𝑅(𝑆 𝑄𝐼) = 𝑅min + (𝑅max − 𝑅min)
(

1 − 𝑆 𝑄𝐼
100

)

, (10)

where the tuning parameters 𝑅min and 𝑅max define the values of 𝑅
ttained at 𝑆 𝑄𝐼 = 100 and 𝑆 𝑄𝐼 = 0, respectively. This means that if

𝑆 𝑄𝐼 = 100 and the signal quality is perfect, a small value of 𝑅, 𝑅min, is
used. Adversely, if the signal quality is poor with 𝑆 𝑄𝐼 = 0, 𝑅 becomes
𝑅max. As the algorithms used to calculate the 𝑆 𝑄𝐼 are proprietary, it
is not straightforward to tailor the mapping model from 𝑆 𝑄𝐼 to 𝑅. As
a first approach, we have opted for a simple linear model to constitute
the mapping between 𝑆 𝑄𝐼 and 𝑅.

Since our setting lacks process noise as modeled by Kalman co-
variance 𝑄, we use 𝑄 as a constant parameter. For simplicity, we
assert a diagonal structure of 𝑄, corresponding to the independent noise
added to individual states being mutually independent Gaussians. We
therefore consider the four diagonal elements of 𝑄, together with 𝑅min
and 𝑅max to be parameters of our filter, where 𝑅 varies with 𝑆 𝑄𝐼
according to (10).

In our application, we do not have support for the assumption that
the process noise is Gaussian. Instead, we consider 𝑅 and 𝑄 as free
design parameters of the filter, that are tuned using a population-
based approach (that is, using the same values for all the patients) to
enable shifting between model and measurement reliance. Therefore,
the Kalman filter will not be optimal even though the performance may
still be satisfactory. If the noise characteristics at some point will be
known to be better described by some other (spectral) noise model,
this can be incorporated into the observer design.

The parameters values were optimized offline to minimize the mean
square error (MSE) between the simulated patient 𝐷 𝑜𝐻 and the cor-
responding Kalman filter estimate 𝐷 𝑜𝐻 , which is the norm 2 of

 ̂𝑜𝐻 −𝐷 𝑜𝐻 . MSE values for each patient were summed, which means
that they all contributed equally. The choice of patient population and
simulation scenario used in this optimization are those described below
in Sections 3.2 and 3.1, respectively. In summary, our design choices
re to:

• Optimize 𝑅min, 𝑅max and diagonal fixed (time-independent) 𝑄
offline to minimize estimation error across a set of simulations
(see Section 4);

• Update 𝑅 online, based on the current 𝑆 𝑄𝐼 , according to (10).
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Fig. 2. 𝐷 𝑜𝐻 (top, blue) and monitor output 𝑦 (top, red). An 𝑆 𝑄𝐼 (bottom, black)
drop from 100 to 50 is introduced at 𝑡 = 2 min, and after that, an additive step
disturbance 𝑑 = 10 BIS (top, black) occurs. The signal degradation remains during
2 min (shaded area). The associated inference-induced corruption of the monitor output
(top, discrepancy between blue and red) is defined in Section 2.3. The dashed black
line indicates the 𝐷 𝑜𝐻 reference, and the dotted lines delimit the range between
𝐷 𝑜𝐻 = 40 BIS and 𝐷 𝑜𝐻 = 60 BIS.

2.3. Monitor

The 𝐷 𝑜𝐻 estimate 𝑦, emerging from a clinical monitor, is noisy,
even when 𝑆 𝑄𝐼 = 100. To reflect this, we use an additive noise model
𝑛, as shown in Fig. 1. We will consider both an idealized noise-free case,
𝑛 = 0, and a clinically realistic case, where 𝑛 is a random cycled noise
sequence, recorded by a BIS monitor under stable anesthetic conditions,
as explained in [39].

As schematically illustrated in Fig. 1, the (not directly measurable)
electro-scalpel inference signal 𝑚 enters the monitor, where its effect
(through an uncharacterized function 𝑓 ) is mapped to 𝑆 𝑄𝐼 . Here, we
model this inference with a delay 𝜏 that is computed starting from the
𝑆 𝑄𝐼 as

𝜏 = 𝜏max

(

1 − 𝑆 𝑄𝐼
100

)

. (11)

That is, the inference 𝑚 affects the 𝑆 𝑄𝐼 and results in the monitor
output being delayed from 𝑦(𝑡) to 𝑦(𝑡 − 𝜏), whenever 𝑆 𝑄𝐼 < 100.
The delay ranges linearly between 𝜏 = 0 s and 𝜏 = 𝜏max = 120 s,
based on 𝑆 𝑄𝐼 . This delay model is consistent with observations of our
clinical collaborators and is supported by behavior observed in previous
studies, e.g., [24].

In this formulation, the delay of the BIS monitor is not taken into
account. We have focused on providing a delay model that describes the
degradation of the SQI. Modeling the monitor delay poses a challenge,
as the manufacturer has not disclosed the exact response and filtering
dynamics of the BIS monitor. Neglecting modeling of the BIS delay has
been shown to work in practice, as several clinical studies have been
successfully carried out without considering the BIS delay [40,41].

A simulated example of the monitor model is shown in Fig. 2,
to illustrate how inference by the electro-scalpel is assumed to affect
the monitor and the true 𝐷 𝑜𝐻 , respectively. The blue and red curves
in Fig. 2 show the actual 𝐷 𝑜𝐻 , and monitor output 𝑦, respectively.
The discrepancy is due to the delay model (11) and constitutes the
measurement corruption that our soft-sensor approach aims to mitigate
the effect. For visual clarity, Fig. 2 shows a scenario with 𝑛 = 0, i.e., in
the absence of measurement noise.

2.4. Controller

We use a filtered PID controller [8], which has previously been
evaluated in [42]. Its underlying continuous-time transfer function
4

from error 𝑒 to unsaturated infusion rate 𝑢̃ is
𝑈̃ (𝑠)
𝐸(𝑠)

= 𝐾𝑝

(

1 + 1
𝑠𝑇𝑖

+
𝑠𝑇𝑑

1 + 𝑠𝑇𝑑∕𝑁

)

, (12)

with proportional gain 𝐾𝑝 = 0.2 mg∕BIS∕s, integral time 𝑇𝑖 = 386 s,
derivative time 𝑇𝑑 = 13.8 s, and filtering factor 𝑁 = 5. The PID
controller values have been obtained by minimizing the integral abso-
lute error (IAE) over a simulation example with additive disturbances,
see [42] for details.

The actual infusion rate 𝑢 is then saturated to within the range
0–1200 mL h−1, representative of several clinical infusion pumps. For
the concentration of standard propofol solutions of 20 mg mL−1, this
corresponds to 𝑢 within the range 0–6.67 mg s−1.

3. Comparative simulation study

This section defines the details of our comparative study.

3.1. Surgical scenario

The performance of the proposed control structure was evaluated
by repeated simulation of a maintenance phase of fifty minutes of
anesthesia. We compare a nominal case, ‘‘monitor feedback’’, with our
novel architecture, ‘‘soft-sensor feedback’’. In the monitor feedback
case, the soft-sensor block of Fig. 1 was replaced with the moving
average filter that was clinically evaluated in connection with the
controller of Section 2.4, as described in [43]. This filter averages the
eight most recent samples and was used to smooth out the signal.

We study a disturbance scenario to evaluate and compare perfor-
mance: electro-scalpel activity causes a drop in 𝑆 𝑄𝐼 from 100 to 50,
immediately followed by a step disturbance 𝑑 = 10 BIS to reflect a low-
ered hypnotic depth in the patient resulting from the stimulation. After
2 min, surgical stimulation stops and 𝑆 𝑄𝐼 returns to 100. However,
the disturbance 𝑑 = 10 BIS remains, reflecting a lasting nociceptive
response. As the actual 𝑆 𝑄𝐼 dynamics are unknown, we have modeled
the 𝑆 𝑄𝐼 drop with a double-step since it represents the ‘‘worst-case’’
nature in being abrupt. Moreover, steps are arguably the most common
disturbance models considered in the context of closed-loop control
systems.

Both the 2 min duration of electro-scalpel stimulation and the as-
sociated drop to 𝑆 𝑄𝐼 = 50 were derived from data collected during
several surgeries. To also investigate the effect of a negative output
disturbance step, a second inference episode is initiated with the return
from 𝑑 = 10 BIS to 𝑑 = 0 BIS.

The Kalman filter was initialized in the state that corresponds to a
𝐷 𝑜𝐻 of 50 in stationarity, i.e., 𝑥0 = −𝐹−1𝐵 𝑢ref, where 𝑢ref is the control
signal corresponding to a 𝐷 𝑜𝐻 of 50 in stationarity.

The transients that arise during the initial convergence of the mov-
ing average and the Kalman filter, respectively, were truncated from
the comparative evaluation. This is realistic, as in clinical use, the filter
would typically be activated and allowed to converge before the system
is switched from manual to closed-loop drug delivery.

3.2. Patient model population

We have taken both inter- and intra-patient variability into account.
This has been achieved by simulating the procedure, detailed in Sec-
tion 3.1, for 13 distinct individuals with covariates (age, height, weight,
sex) and parameter values (𝐸0, 𝐸max, 𝐶𝑒50, 𝛾) disclosed in [11], who
have already proven to be representative of a broad population. The
covariate values were used to obtain a nominal patient model (2) using
the Schnider model [29].

For each nominal model, 10 perturbations were obtained by draw-
ing from the associated random effect distributions (5) to reflect model
uncertainty caused by variability. Here, it can be noted that different
draws were used in the optimization of the Kalman filter, as described
in Section 2.2, and the subsequent evaluation simulations.
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Fig. 3. Blue solid lines represent 𝐷 𝑜𝐻 (upper) and propofol infusion rates (lower) for 10 perturbations of each of 13 nominal patient PKPD model, as explained in Section 3.2.
The red solid line represents the mean response obtained for the entire set. According to Section 3.1, a positive step disturbance enters at 𝑡 = 10 min, followed by a negative one
at 𝑡 = 30 min. The 𝑆 𝑄𝐼 drops to 50 immediately following each disturbance, before it returns to 100 after 2 min, as indicated by the shaded areas. The dashed black line indicates
the 𝐷 𝑜𝐻 reference 𝑟 = 50 BIS, and the dotted lines illustrate the limits of the clinically recommended range between 𝐷 𝑜𝐻 = 40 BIS and 𝐷 𝑜𝐻 = 60 BIS. Fig. 3(a) corresponds
to the nominal case, where feedback is established directly from the monitor measurement; Fig. 3(b) employs feedback from the proposed soft sensor. A representative patient
simulation is shown in red for each case.
The Kalman filter incorporates the fixed-effects model only, which
introduces a model error between the true patient and the Kalman filter
model. The soft-sensor design was also performed without knowledge
of 𝐸0, 𝐸max, 𝐶𝑒50, and 𝛾 for each patient in the data set of [11]. Instead,
the ℎ̂−1 and ℎ̂ blocks of the soft sensor (see Fig. 1) were designed on
previously published assumed typical values 𝐸0 = 95.9 BIS, 𝐸max =
87.5 BIS, 𝐶𝑒50 = 4.92 mg L−1, and 𝛾 = 2.69 according to [34].

3.3. Performance evaluation

To evaluate the performance of the proposed control structure, we
compared the 𝐷 𝑜𝐻 resulting from a closed loop between the soft-sensor
and monitor feedback cases, with and without measurement noise. This
comparison was conducted across a population of simulated patients,
detailed in Section 3.2.

To evaluate disturbance rejection from the proposed control struc-
ture, we used two performance indices, introduced in [44]:

• NADIR: the lowest or highest 𝐷 𝑜𝐻 reached after a positive or
negative step disturbance, respectively (indicated by NADIR pos
and NADIR neg).

• Time-to-target (TT): the time from step disturbance to first enter-
ing the range of 45–55 BIS.

From a clinical point of view, it is interesting to see how well the
controller manages to maintain 𝐷 𝑜𝐻 within the 40–60 BIS range, as
mentioned, e.g., [45], which was also investigated.

4. Results

Fig. 3 shows 𝐷 𝑜𝐻 resulting from simulating the scenario of Sec-
tion 3.1 for each of the 130 perturbed patient models according to
Section 3.2. The figure corresponds to the noise-free case 𝑛 = 0.
Fig. 3(a) shows the results using the conventional monitor feedback
approach; Fig. 3(b) shows the results resulting from our novel soft-
sensor architecture. The median patient, in terms of 𝐷 𝑜𝐻 reference
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deviation MSE, is highlighted in red. The Kalman filter parameters
used for the simulations in Fig. 3(b) from the optimization described
in Section 2.2 are

𝑅min = 5.07 ⋅ 10−6, (13a)

𝑅max = 0.250, (13b)

𝑄 = diag (4.79 ⋅ 10−3, 0, 1.52 ⋅ 10−1, 2.77 ⋅ 10−4) . (13c)

Results shown in Fig. 4 are related to simulations performed with
the introduction of measurement noise 𝑛 according to Section 2.3. The
Kalman filter parameters, obtained with noise present during the offline
optimization phase, were

𝑅min = 0.771, (14a)

𝑅max = 1.79, (14b)

𝑄 = diag (5.79 ⋅ 10−2, 1.83 ⋅ 10−2, 2.70 ⋅ 10−2, 2.12 ⋅ 10−4) . (14c)

Fig. 5 shows histograms of the 𝐷 𝑜𝐻 values in Figs. 3 and 4. The
percentage of 𝐷 𝑜𝐻 values within the clinically desired 40–60 BIS
range in Fig. 5 is 76% for monitor feedback and 100% for soft-sensor
feedback without noise. The corresponding values are 71% and 99%,
respectively, for the case with noise. Performance measures introduced
in Section 3.3 are reported in Table 1.

To evaluate the proposed soft sensor on a wider range of individuals
and to show that the tuning of the parameters is effective in general,
we study the same simulation scenario as in Fig. 3 over a larger data
set of 500 individuals, introduced in [46]. This is shown in Fig. 6.

5. Discussion

We have conducted a comparison between closed-loop 𝐷 𝑜𝐻 control
using conventional low-pass filtered monitor output as a feedback
signal and a novel soft-sensor architecture that integrates the patient
model and the knowledge of signal quality.
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Fig. 4. Simulated 𝐷 𝑜𝐻 (upper) and propofol infusion rate (lower) for 130 perturbed patient PKPD models, in the presence of measurement noise. Figure and color content
correspond to that of Fig. 3.
Fig. 5. Distribution of 𝐷 𝑜𝐻 values from Figs. 3 to 4, without and with Kalman filter soft sensor in the control loop.
Table 1
Spread of performance measures presented as min–max (median) for the simulations in Figs. 3 to 4.

Feedback Noise NADIR pos [BIS] NADIR neg [BIS] TT pos [s] TT neg [s]

Monitor No 0–35 (23) 57–64 (60) 9–15 (12) 50–106 (65)
Soft sensor No 43–50 (48) 54–63 (55) 10–21 (14) 49–104 (66)

Monitor Yes 0–45 (34) 57–81 (65) 0–269 (15) 0–350 (55)
Soft sensor Yes 44–52 (48) 50–62 (53) 0–264 (70) 0–313 (59)
The performance improvement of our novel architecture over that
of the conventional one is perhaps best visualized in the histograms of
Fig. 5. They show that the distribution of 𝐷 𝑜𝐻 values is more closely
centered around the 𝐷 𝑜𝐻 maintenance reference 𝑟 = 50 BIS. This is
also reflected in the performance indices reported of Table 1. While the
difference in time-to-target (TT) between the compared architectures
is marginal, the under- and overshoots associated with reaching the
target, as well as 𝐷 𝑜𝐻 oscillations, differ substantially, as seen in
Figs. 3 to 6.

An in-depth effort has been made to ensure realistic simulation
circumstances. Instead of assuming perfect model knowledge, which
is common in simulation works studying closed-loop control anesthe-
sia, we have adopted a stochastic uncertainty in model parameters,
grounded in clinical data [29]. Specifically, we have repeatedly sam-
pled (10 perturbations) from this uncertainty for each of 13 nominal
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patients defined through population covariate values from a published
dataset [11], with the pharmacodynamic parameters of (3). The design
of the soft sensor is based solely on assumed knowledge of the nominal
model, as described in Section 3.2. Along the same lines, we have
used previously published models of surgical disturbance 𝑑 [21], and
measurement noise 𝑛 [39].

For relating electro-scalpel inference 𝑚 to 𝑆 𝑄𝐼 , as well as corruption
of monitor measurement 𝑦, we have formulated our own model (11), as
introduced in Section 2.3. This has been done based on communication
with our senior anesthesiologist collaborator, who has observed a delay
in monitoring reporting following such inference. We believe that the
fidelity of this simple model could be improved upon. However, its sole
purpose in the current context is to provide a substantial corruption
of the monitor output 𝑦, which is reflected in 𝑆 𝑄𝐼 . The fact that the
inference signal 𝑚 in our simple model is directly mapped to 𝑆 𝑄𝐼 =
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Fig. 6. Simulated 𝐷 𝑜𝐻 (upper) and propofol infusion rate (lower) for 500 patient PKPD models to evaluate how the soft sensor handles inter-patient variability on a larger data
set from [46]. Figure and color content correspond to that of Fig. 3.
𝑚 is just a matter of convenience for notation. Neither this nor the
knowledge about how 𝑆 𝑄𝐼 therefore relates to the delay 𝜏 through (11)
has been exploited in the soft-sensor design. Instead, the soft sensor
assumes only that the measurement uncertainty — in terms of variance
𝑅 of an additive Gaussian measurement noise — is an affine function
of 𝑆 𝑄𝐼 , according to (10), mapping the 100–0 𝑆 𝑄𝐼 range to an 𝑅min–
𝑅max range. Thus, the soft sensor is agnostic of the monitor dynamics
mapping inference 𝑚 to corruption on 𝑦, which is later reported by the
𝑆 𝑄𝐼 . Although the monitor dynamics are not taken into account in the
proposed architecture, the performance is satisfactory. Doing so would
be unrealistic, even if the performance could be slightly improved.

Another implication is that our methodology can be expected to
work satisfactorily not only with the BIS monitor but also other clinical
monitors, such as the WAVCNS [47] or CONOX [48], that output both
a 𝐷 𝑜𝐻 estimate 𝑦 and associated 𝑆 𝑄𝐼 .

On a similar note, our Kalman filter assumes signal corruption by
Gaussian noise added to the signal 𝐶𝑒 in Fig. 1. At least for the noise
contribution of 𝑛 to this signal, a more accurate model could be incor-
porated. Also, here, satisfactory performance in the absence of such a
model is positive, since it demonstrates that a low-fidelity noise model
is sufficient for our architecture to outperform the nominal one with
simple monitor feedback. While more advanced sensor fusion methods
like the extended or unscented Kalman filters could be considered in
scenarios where the model is not linear like in (1), the simple linear
Kalman filter already provides significant performance improvements.
Its simplicity and interpretability make it an attractive choice for real-
world implementation unless there is a strong motivation for more
complex alternatives.

Some of the residual error arising from model mismatch is ac-
counted for by the process noise model 𝑄. Like with 𝑅, the underlying
assumed noise structure does not match exactly that of the considered
system. However, optimizing 𝑅 and (an assumed diagonal) 𝑄 according
to Section 2.2 yields satisfactory performance. To implement this soft-
sensor in practice, 𝑅min, 𝑅max and 𝑄 would be optimized offline, with
𝑅 then adjusted online based on (10).

6. Conclusions

A realistic closed-loop controlled anesthesia scenario is considered,
in which model uncertainties and external disturbances are present. In
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this setting, our comparative simulation study clearly illustrates robust
performance benefits from merging a model-based and data-driven
approach through a Kalman filter soft sensor. In particular, it enables
online balance between model and measurement reliance, based on an
estimation of measurement quality.

Based on the results presented, we are confident to take the next
steps toward the clinical evaluation of the proposed soft-sensor ar-
chitecture within an existing clinical closed-loop anesthesia research
platform, which to date has seen extensive clinical use [43,49].
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