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Abstract— Real-time continuous tracking of seizure state
is necessary to develop feedback neuromodulation ther-
apy that can prevent or terminate a seizure early. Due
to its high temporal resolution, high scalp coverage, and
non-invasive applicability, electroencephalography (EEG) is
a good candidate for seizure tracking. In this research,
we make multiple seizure state estimations using a mixed-
filter and multiple channels found over the entire sensor
space; then by applying a Kalman filter, we produce a

Manuscript received February 11, 2021; revised August 1, 2021 and
September 10, 2021; accepted September 12, 2021. Date of pub-
lication September 20, 2021; date of current version October 8,
2021. This work was supported in part by NSF grants 1942585-
CAREER: MINDWATCH: Multimodal Intelligent Noninvasive brain state
Decoder for Wearable AdapTive Closed-loop arcHitectures, 1755780-
CRII: CPS: Wearable-Machine Interface Architectures to RTF, and
1527558-NRI: Collaborative Research: Multimodal Brain Computer
Interface for Human-Robot Interaction, NIH grant 1R01NS092894-01-
Towards an Autonomous Brain Machine Interface: Integrating Sen-
sorimotor Reward Modulation and Reinforcement Learning to JTF,
and NSF IUCRC BRAIN award 1650536 to JLC. Rose T. Faghih
served as the senior author. This article was presented in part
at the proceedings of the Asilomar Conference on Signals, Sys-
tems, and Computers [DOI: 10.1109/IEEECONF44664.2019.9048990].
(Corresponding author: Rose T. Faghih.)

This work involved use of existing publicly available human subject
data, and the information was recorded so subjects cannot be identified.
Hence, this human subject data is exempt from review board approval.

Alexander G. Steele, Jose L. Contreras-Vidal, and Rose T. Faghih are
with the Department of Electrical and Computer Engineering, University
of Houston, Houston, TX 77004 USA, and also with the NSF IUCRC
BRAIN Center, University of Houston, Houston, TX 77004 USA (e-mail:
agsteele@uh.edu; jlcontreras-vidal@uh.edu; rtfaghih@uh.edu).

Sankalp Parekh, Hamid Fekri Azgomi, and Alexander Craik are
with the Department of Electrical and Computer Engineering, Univer-
sity of Houston, Houston, TX 77004 USA (e-mail: sparekh2@uh.edu;
hfekriazgomi@uh.edu; arcraik@uh.edu).

Mohammad Badri Ahmadi is with the Department of Biomedical
Engineering, University of Houston, Houston, TX 77004 USA (e-mail:
mbadri-ahmadi@uh.edu).

Sandipan Pati is with the Department of Neurology, McGovern Medical
School, The University of Texas Health Science Center at Houston,
Houston, TX 77030 USA (e-mail: sandipan.pati@uth.tmc.edu).

Joseph T. Francis is with the Department of Biomedical Engineering
and the Department of Electrical and Computer Engineering, University
of Houston, Houston, TX 77004 USA (e-mail: jtfranci@uh.edu).

This article has supplementary downloadable material available at
https://doi.org/10.1109/TNSRE.2021.3113888, provided by the authors.

Digital Object Identifier 10.1109/TNSRE.2021.3113888

single seizure state estimation made up of these individual
estimations. Using a modified wrapper feature selection,
we determine two optimal features of mixed data type, one
continuous and one binary analyzing all available channels.
These features are used in a state-space framework to
model the continuous hidden seizure state. Expectation
maximization is performed offline on the training and val-
idation data sets to estimate unknown parameters. The
seizure state estimation process is performed for multiple
channels, and the seizure state estimation is derived using a
square-root Kalman filter. A second expectation maximiza-
tion step is utilized to estimate the unknown square-root
Kalman filter parameters. This method is tested in a real-
time applicable way for seizure state estimation. Applying
this approach, we obtain a single seizure state estima-
tion with quantitative information about the likelihood of
a seizure occurring, which we call seizure probability. Our
results on the experimental data (CHB-MIT EEG database)
validate the proposed estimation method and we achieve
an average accuracy, sensitivity, and specificity of 92.7%,
92.8%, and 93.4%, respectively. The potential applications
of this seizure estimation model are for closed-loop neuro-
modulation and long-term quantitative analysis of seizure
treatment efficacy.

Index Terms— Electroencephalography (EEG), epilepsy,
Kalman filter, neurofeedback, real-time detection, state esti-
mation, state-space methods.

I. INTRODUCTION

APPROXIMATELY 50 million people live with epilepsy
worldwide [2]. In the US alone, the National Institutes

of Health spends over $150 million each year on epilepsy
research. This accounts for roughly 82% of research that is not
coming from industry sources [3]. Epilepsy is a neurological
disorder which can occur at any age, currently has no cure, and
is characterized by seizures that can happen without noticeable
warning [3]. This can lead to other health problems such as
brain injury from falling, psychiatric conditions, and a reduc-
tion in quality of life [4], [5]. It is a spectrum with a wide range
of seizure types, which vary from person-to-person [6], [7].
For example, a focal seizure is one that is triggered by a
localized portion of the brain, while a general seizure can be
triggered in multiple parts of the brain [7].
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Treatments for epilepsy currently focus on anti-epileptic
medications [8]. While most patients find that their symp-
toms are well controlled with a drug regimen, more than
90% still experience seizures [8], [9]. These medications also
have various side effects such as: weight change, headaches,
dizziness, and shaking [10], [11]. Independence is also a
common concern among people living with epilepsy, with
many questioning their ability to find employment, travel,
or pursue higher education, even with treatment [11].

Due in part to the limited success of medications and
because more invasive techniques such as surgical resection
for focal seizures carry high risk, researchers are now explor-
ing minimally invasive neurostimulation techniques such as
Deep Brain Stimulation (DBS) and Vagus Nerve Stimula-
tion (VNS) [12]–[15]. While long-term studies are still in
progress, the results are promising, and both DBS and VNS
have already achieved a higher rate of seizure reduction than
medication-based interventions [14]–[16]. However, most of
these devices are open-loop and work by applying constant
or periodic stimulation without any feedback [17]. Open-loop
systems have several limitations, such as lower battery life,
reduced effectiveness of the treatment, and side-effects from
stimulation such as disruption of cognitive function, dizziness,
or mood changes [18]–[20]. The few closed-loop systems
currently available are still limited and costly [21]. An ideal
closed-loop system has several advantages including lower
power consumption, reduction in stimuli, and fewer adverse
effects to the treatment [18], [22]. Some of the challenges
when closing the loop are measuring and decoding neural
activity from the brain to detect the seizure.

While several methods of recording cortical activity exist,
one of the most accessible and low-cost is electroencephalog-
raphy (EEG). EEG is a non-invasive measurement of electrical
activity produced by the brain and measured at the scalp [23].
Because of its safety, high temporal resolution, portability,
high scalp coverage, recording reliability, and low power
requirements, it is one of the preferred methods for recording
brain activity [24], [25]. By selecting a non-invasive option for
neural recording, the system becomes more widely accessible
to the epileptic community, can be implemented quickly, and
avoids the complications posed by invasive neural recording
alternatives.

An effective closed-loop system must have accurate seizure
detection or prediction because late intervention can be inef-
fective to prevent or terminate seizures early [26], [27]. Over
the past decade, a number of solutions to seizure detection
have been tested. The proposed solutions range from training
neural networks, support vector machines, empirical mode
decomposition, or wavelet transformation to determine the
amplitude and frequency of the recorded signals [28]–[31].
While these methods use a wide range of approaches to predict
a seizure, computationally intensive algorithms are required.
This is not feasible in a system with limited resources, where
minimizing power consumption and computational complexity
is a high priority. Additionally, most of these approaches only
result in the binary estimation, which provides no information
about the progression of the seizure state as it evolves in time
and space. Real-time estimation and monitoring of seizure

state as they evolve and progress is clinically relevant as they
may assist in developing feedback therapy (adaptive neuro-
modulation) [28], [29]. In this study, we define the likelihood
of a seizure occurring as seizure probability. One practical
application of seizure probability estimation for seizure abate-
ment is with VNS, which can use real-time frequency and
amplitude adaptation to better tailor treatment [32]. There are
also clinical reasons why knowing seizure probability would
be useful, such as determining efficacy of the neurostimula-
tion treatment over the course of treatment or quantitatively
determining the impact of medication on seizures [33], [34].

Seizures are emergent neural phenomena characterized by
multiple state transitions starting from the interictal to pre-
ictal, ictal onset, propagation, termination, and the postictal
state [35]. When estimating the seizure state, model selection
is incredibly important. In this case, a state-space model is
preferred as it can be related to the underlying biology and
the output is continuous, rather than binary, which provides
information as to the seizure evolution and severity [1],
[36]. Furthermore, state-space modeling algorithms are com-
putationally efficient and can model complex systems to a
high degree of accuracy, making them ideal for low resource
systems [37]. Expanding on previous work [1], where the
authors employed a mixed-filter approach to perform seizure
state estimation using two EEG channels, we propose that the
removal of the self-imposed channel count restriction may lead
to increases in accuracy and robustness of the state-estimation
and be more applicable to non-focal type seizures [7]. Then,
we employ a mixed-filter approach to incorporate both binary
and continuous features. While we can estimate the seizure
state using a single estimation alone, a combined continuous
estimation uses multiple channels, so it is less susceptible to
sensor noise, provides us with higher accuracy, and includes
information on the severity of a seizure [36], [38], [39].
By having information about the seizure probability, the ampli-
tude and the frequency in DBS and VNS applications can be
automated in a real-time closed-loop manner. Thus, accurately
estimating seizure states may improve treatment and reduce
the possibility of serious brain injuries [40], [41].

II. METHODS

Figure 1 outlines the proposed method and some future
uses for finding a combined seizure state estimation, which
we define as a seizure state estimation made up of N number
of individual estimations using 2N features. A person wearing
an EEG headset has their neural activity recorded in real-time.
Using a Linear Discriminant Analysis (LDA) classifier we find
two features, one continuous and one binary, that best estimate
the seizure state. A mixed-filter with expectation maximiza-
tion (EM) is applied to make a single estimation of the seizure
state. EM is an iterative process that finds maximum-likelihood
estimates for model parameters when the data is incomplete
or has unobserved latent variables [36], [42]. This process is
repeated N times where N = 5 is the maximum number of
iterations and 2N is the number of features that make up
the estimation. A square-root Kalman filter is employed to
include information from multiple predictions. A Kalman filter
is a recursive filter that estimates the hidden state of a linear


