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Abstract— Intradialytic hypotension (IDH) is the most com-
mon complication of hemodialysis, affecting 15-50% of all
dialysis sessions. Previously, we had presented a non-invasive
Polyvinylidene Fluoride (PVDF) based sensor in the form of a
ring to measure vascular tone and we showed that the mor-
phology of the signal can be utilized to predict IDH. This paper
presents an approach for analyzing the PVDF signal using
extended Kalman filter (EKF) and a synthetic model that has
previously been used to model the ECG signal with Gaussian
functions. Moreover, a novel approach for incorporating state
inequality constraints into the EKF process using a gradient
projection method is introduced. The taut string algorithm was
first used to estimate the outline of the signal and remove it
to highlight the reflection waves. Then, the EKF was used
to characterize the morphology of the signal using Gaussian
functions. The amplitudes of the Gaussian functions were used
as features to train a classifier. The results indicated that the
PPV and NPV for the prediction were 83.33% and 100%,
respectively.

Index Terms— Intradialytic hypotension, Polyvinylidene Flu-
oride, extended Kalman filter, inequality constraints, reflection
waves

I. INTRODUCTION

With more than 65 million sessions and 421,469 patients
(in 2013), hemodialysis is the most common medical pro-
cedure in the US [1]. It involves extracorporeal removal of
waste products from blood for patients with end-stage renal
disease (ESRD). The most prevalent complication observed
during hemodialysis, which affects 15 to 50% of all dialysis
sessions depending on the definition, is intradialytic hypoten-
sion (IDH) [2], [3], [4]. Moreover, IDH is an abnormal drop
in blood pressure (BP) during the dialysis session caused
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by imbalances between four variables: cardiac output, ultra-
filtration rate, peripheral vascular resistance, and venocon-
striction [5]. IDH has been identified as an independent risk
factor for mortality, including sudden cardiac death during
dialysis [6], [7]. The current standard of care for detecting
IDH involves intermittent BP measurements every 5 to 15
minutes as well as subjective patient reported symptoms
such as lightheadedness, weakness, muscle cramps, nausea
and vomiting. Therefore, preemptive intervention to correct
the trajectory of dialysis before IDH happens may have a
large impact on the quality of care for ESRD patients [8].
However, IDH still remains a challenge for both patients and
clinicians despite several efforts to alleviate this problem [9].

In our previous work, we introduced a novel non-invasive
polyvinylidene fluoride (PVDF) based ring to monitor vas-
cular tone [10]. This is done by measuring the displacement
of arterial wall in the digital arteries. The signal that is
measured by the ring is illustrated in Figure 1 which shows
both the dicrotic notch and the reflection waves. The patterns
of these waves are known to change in response to different
physiological events such as vasoconstriction, hypotension
and heart failure [11]. Therefore, we proposed an algorithm
to extract features from the PVDF signal that characterize
the dicrotic notch and the reflection waves. This was done
by fitting five Gaussian functions to the signal, using an
iterative procedure, after the outline of the signal, found by
the taut string approximation algorithm [12], was removed.
The parameters of Gaussian functions were used as features
to train a classification model. The results indicated that
changes in the patterns of the waves can be predictive of
IDH. However, the iterative procedure used in [10] is time
and memory intensive and is not suitable for use in portable
devices with limited computational power. Moreover, the
curve fitting for each period was done independently from
other periods, increasing the chance of modeling noise and
artifacts.

Here, we adopt a synthetic model that was originally
used by McSharry et al. [13] to generate ECG signals using
Gaussian functions and use it to model the reflection waves.
The synthetic model is used to define the state space for an
Extended Kalman Filter (EKF) that adaptively updates the
parameters of the Gaussian functions. Next, a novel approach
for adding inequality constraints to the Kalman Filter is
introduced. The inequality constraints that are used in this
paper ensure that the structure of the model is maintained
throughout the process and that parameters of the model are
within their normal range.
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Fig. 1. A sample of the PVDF and Photoplethysmography (PPG) signals
during Normal and IDH-Risk periods. The reflection waves and dicrotic
notch are easily detectable in the PVDF signals. The reflection waves are
diminished during the IDH-Risk periods. However, The PPG signal looks
the same in both cases.

II. SYNTHETIC MODEL AND EXTENDED KALMAN
FILTER

In order to generate a realistic synthetic signal using
a combination of Gaussian functions, Sameni et al. [14]
transformed a set of 3D dynamic state equations, presented
by McSharry et al. [13] into the polar form, denoted by radial
coordinate zk and angular coordinate θk for sample k, for
the purpose of obtaining a simpler compact set, with the
simplified discrete form shown as:θk = (θk−1 + ωδ) mod (2π)

zk = −
∑N
i=1 δ

αiω

σ2
i

∆γi exp(−∆γ2i
2σ2

i

) + zk−1 + η
(1)

where αi, σi, γi are the amplitude, angular spread, and
location of the Gaussian functions, N is the number of
Gaussian functions, ∆γi = (θk − γi) mod (2π) is the
angular distance to the center of the ith Gaussian function, δ
is the sampling time, ω is the angular speed and η is random
white noise modeling the baseline wander and other types of
additive noise. The signal can be generated by a sequence of
discrete samples calculated using z. The angular speed is set
to ω = 2π

lδ where l is the number of samples in the current
beat. This guarantees that θk varies from 0 to 2π within a
beat. This also ensures that the Gaussian approximation of
the signal remains continuous at the beat boundaries (i.e., at
0 and 2π). It is assumed that the Gaussian parameters vary
slowly with time. Therefore, their behavior can be modeled
using an autoregressive (AR) dynamic models as proposed
in [15]:

pi(k) = pi(k − 1) + ui(k) (2)

where pi denotes any of the 3N Gaussian parameters αi, σi
and γi while ui indicates the corresponding white noise. For
constructing the EKF structure, we use the state vector and
process noise vector as introduced in [15],

xk = [θk, zk, α1, . . . , αN , σ1, . . . , σN , γ1, . . . , γN ]T (3)

yk = [θk, zk]T (4)

wk = [ω, η, u1, . . . , u15]T (5)

The extended Kalman filter (EKF) is developed for cases
where the state and observation functions, f(·) and h(·), are
nonlinear. The nonlinear state and observation equations can
be linearized using first order Taylor series:

xk = f(xk−1) + wk ≈
f(x̂k−1) + Ak−1(xk−1 − x̂k−1) + wk

(6)

yk = h(xk) + vk ≈
h(x̂k) + Hk(xk − x̂k) + vk

(7)

where f(·) is a known nonlinear model representing the
dynamics of the state transition from xk−1 to xk and h(·)
is a known nonlinear model representing the transformation
from the state variables to the observation yk and

Ak =
∂f(x)

∂x
|x=x̂k

(8)

Hk =
∂h(x)

∂x
|x=x̂k

. (9)

Here, wk and vk are the process and measurement noises,
with covariance matrices Qk = E{wkw

T
k } and Rk =

E{vkvTk }, respectively. The process of the EKF can be
summarized in the following as{

x̂k|k−1 = f(x̂k−1|k−1)

Pk|k−1 = Ak−1Pk−1|k−1A
T
k−1 + Qk

(10)


Kk = Pk|k−1H

T
k [HkPk|k−1H

T
k + Rk]−1

x̂k|k = x̂k|k−1 + Kk[yk − h(x̂k|k−1)]

Pk|k = (I−KkHk)Pk|k−1

(11)

where x̂k|k−1 = E{xk|yk−1,yy−2, . . . ,y1} is the least
square error a prior estimate of the state vector at the
kth update, using the prior observations y1 to yk−1, and
x̂k|k = E{xk|yk,yk−1,yk−2, . . . ,y1} is the a posteriori
estimate of the state vector after adding the kth observations
yk. Pk|k−1 and Pk|k are defined in the same manner to be
the estimations of covariance matrices for the state approxi-
mation errors in the kth stage before and after using the kth
observation, respectively. The equations for the derivatives
of f with respect to x, which define matrix A, can be found
in [15].

III. EXTENDED KALMAN FILTER WITH STATE
INEQUALITY CONSTRAINTS

Kalman filter’s state transitions can lead to infeasible or
undesirable states. Such states can be avoided by adding
constraints to the Kalman filter. The Kalman filter with
equality constraints has a closed-form solution that can be
found efficiently [16]. However, the solution for a Kalman
filter with inequality constraints cannot be expressed in
closed-form and must be derived numerically [17]. Here,
we use a projection method [18] that projects the vector of
state update onto the constraint surface to ensure that the
updated state variable is always feasible. This can result in a
suboptimal solutions; however, the numerous updates that are
performed within each period of the signal would allow the
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EKF to track the optimal solution while avoiding infeasible
solutions.

The linear constraints on the state variable xk|k can be
expressed as

z = Cxk|k − d ≥ 0 (12)

Moreover, the update equation in (11) can be written as

x̂k|k = x̂k|k−1 + uk (13)

where uk = Kkvk is the update vector and vk is the
innovation signal defined as vk = [yk−h(x̂k|k−1)]. The state
vector after projection, x̂pk|k, can be obtained by projecting
the update vector using a projection matrix B as follows

x̂pk|k = x̂k|k−1 + Buk. (14)

We form a matrix N whose columns are the gradients of
active constraints (i.e., holding at equality) for which the
update vector points towards their infeasible region, i.e.,
(Ci,.)Tuk ≤ 0 where Ci,. is the ith row of C. Then, the
projection matrix B can be found as

B = αD = α(I−N(NTN)−1N). (15)

The variable α ensures that the update does not violate any
inactive constrains and is found by

α = min(
−(Ci,.)Tx̂k|k−1 + di

(Ci,.)TDuk
, 1) (16)

for {i|(Ci,.)TDuk < 0}. Note that di is the ith element of
vector d.

Next, we need to find the covariance matrix for the error of
a posteriori state approximation after projection, Ppk|k. The
state approximation error can be expressed as

x̃pk|k = x̃k|k−1 −Buk (17)

where x̃pk|k = xk − x̂pk|k and x̃k|k−1 = xk − x̂k|k−1. Hence,
Ppk|k can be derived as

Ppk|k = E[x̃pk|k(x̃pk|k)T] =

E[(x̃k|k−1 −Buk)(x̃k|k−1 −Buk)T] =

Pk|k−1 − E[x̃k|k−1v
T
k]KT

kB
T+

BKkE[vkv
T
k]KT

kB
T −BKkE[vkx̃

T
k|k−1].

(18)

Given that KkE[vkv
T
k] = Pk|k−1H

T
k and E[x̃k|k−1v

T
k] =

Pk|k−1H
T
k, one can derive the equation for Ppk|k as

Ppk|k = Pk|k−1 −GB−BTGT + BGBT (19)

where G = Pk|k−1H
TKT

k.

IV. DATA COLLECTION

The data collection was done during dialysis sessions at
the inpatient acute dialysis unit at University of Michigan.
The signals were collected using a Biopac MP150 equipped
with DA100C, BN-PPGED, BN-RSPEC and BN-ACCL3
modules to acquire the PVDF, photoplethysmography (PPG),
electrocardiogram (ECG) and accelerometer signals, respec-
tively. The PVDF signal was low-pass filtered at 10Hz and

amplified with a gain of 50. The ring was placed on the non-
access hand, except for one subject whose non-access arm
was broken. A total of 12 subjects participated in the study,
five of them experienced IDH.

The signals were labeled as IDH-Risk if systolic BP
(SBP)<100mmHg when predialysis SBP<160mmHg or
SBP<110mmHg when predialysis SBP≥160mmHg. This is
a relaxed (by 10mmHg) version of the definition offered in
[7] to account for the compensation period prior to IDH. One
patient had a baseline SBP of 92mmHg for whom the signal
was marked as IDH-Risk when SBP dropped by 10mmHg.

V. SIGNAL ANALYSIS

The collected signals were preprocessed using a process
similar to the one presented in [10]. The heart beats were
detected using the ECG and PPG signals and the PVDF
periods were averaged to remove motion artifacts and other
noise in the signal. Then, the beat detection was performed
on the averaged signal to find the R waves (peaks that
correspond to the heart beat). The envelope of the signal was
used to scale the signal between zero and one. The averaged
signal and its envelope are shown in Figure 2a. Next, the taut
string approximation algorithm with an ε = 0.05 was used to
estimate the outline of the normalized PVDF signal, depicted
in Figure 2b. Therefore, the residual signal is guaranteed
to have an amplitude of less than 0.05. The residual signal
highlights the reflection waves and the dicrotic notch which
can be hard to model due to their small amplitude relative
to the amplitude of the main peak. Moreover, the residual
signal, after adding ε, would have a baseline of zero making
it easy to model the signal with Gaussian functions.

Fig. 2. The results of different steps of signal analysis including (a)
period averaging, (b) normalizing and finding the outline and (c) applying
constrained EKF to the residuals. The markers in (c) indicate the location
and amplitude of the Gaussian functions as well as the spread of the function
with the horizontal error bars.

The EKF with inequality constraints described in Sections
II and III was used to model the residual signal. Four
Gaussian functions were used to model the main beat,
dicrotic notch and two reflection waves (N = 4). Three
types of constraints were applied to state variables. First, the
amplitude of the Gaussian functions should be positive, i.e.,
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αi ≥ 0,∀i ∈ [1, N ]. The second set of constraints ensured
that the spreads of Gaussian functions are within a reasonable
range, i.e., 0.01 ≤ σi ≤ 0.3,∀i ∈ [1, N ]. Finally, a set of
constraints were used to ensure that the Gaussian functions
do not overlap, expressed as 2π+γ1−γN ≥ 2(σ1+σN ) and
γi− γi−1 ≥ 2(σi + σi−1),∀i ∈ [2, N ]. The amplitude of the
residual signal at the center of the four Gaussian functions,
γi, were used as features to train a classification model that
separates the Normal and IDH-Risk periods of the signals.
The covariance matrices Q and R were manually designed
based on the domain knowledge regarding the rate of change
for each of the parameters. The same matrices were used to
process all the subjects.

VI. RESULTS

The signals were sampled every minute creating a total
of 2325 instances. For the positive subjects that experienced
IDH, only the IDH-Risk section of the signal prior to the
IDH event was used, resulting in 232 positive instances. The
same number of negative instances were randomly selected
from the negative subjects. This resulted in a feature set that
included 4 features and 446 instances from five positive and
seven negative subjects for classification. After standardizing
the data, Support vector machines (SVM) classification mod-
els with linear and RBF kernels were trained to classify the
Normal and IDH-Risk instances. The training and testing of
the models were done using nested cross-validation (CV) to
ensure generalizability of the results. In each iteration, one
of the subjects was held out for testing and the remaining
subjects were used for training with cross-validation. Grid
search was performed in the inner loop to find the best C
parameter and σ for the RBF kernel. The trained SVM model
using the best parameters was applied the testing subject’s
full signal.

An alarm was declared only if the signal was contin-
uously classified as IDH-Risk for two minutes. An IDH
event was correctly predicted if the alarm was raised prior
to the incident. On the other hand, when the signal was
continuously classified as IDH-Risk for two minutes for a
negative subject, a false alarm was recorded. All of the five
positive subjects had their IDH episodes predicted correctly
and the mean and median prediction times were 88 and 101
minutes, respectively. For six negative subjects, the alarm
was not raised while a false alarm was reported for one
of the negative subjects. Therefore, the positive predictive
value and negative predictive values were 83.33% and 100%,
respectively. This shows that the combination of the PVDF
sensor and the proposed approach for analyzing its signal
can be used effectively to predict and eventually avert the
risk of IDH.

VII. CONCLUSIONS

A novel approach for analyzing the signal that is obtained
from a previously introduced Polyvinylidene Fluoride based
non-invasive sensor to predict IDH has been proposed in
this paper. The approach utilizes EKF with state inequality
constraints and a synthetic model of Gaussian functions to

characterize the reflection waves in the signal. The data was
collected from dialysis patients to assess the performance of
the proposed method for predicting IDH. The results indicate
that the PVDF signal along with the analytical approach that
is presented in this paper can be used to predict IDH.
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