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Abstract—In this work, we present a completely new cognitive
computing approach to real-time and online seizure detection
with minimal power consumption and latency, suitable for
wearable devices. We use Metropolis-Hastings (MH) sampler,
one of the Markov-Chain Monte-Carlo (MCMC) algorithms, to
sample from a probability distribution function (PDF) that adapts
its parameters to a patient’s real-time signals, to predict the
occurrence of seizures in their brain with a minimal power con-
sumption hardware implementable on tiny Field Programmable
Gate Arrays (FPGA). We use Gaussian Mixture Model (GMM)
to model the likelihood PDF, whose parameters are tuned to the
patient’s real-time signals, and over which the MH sampler gen-
erates samples with respect to time. The generated samples are
compared with the actual online signals to detect the occurrence
of seizures in the brain. With this model, we achieved an average
seizure prediction accuracy of 81.47%, an average Sensitivity of
90% and onset Sensitivity of 100%, that outperform those of
traditional machine learning algorithms such as Support Vector
Machine (SVM). The complete system has been implemented
using Artix7 FPGA minimizing energy/power requirements with
a logic utilization of 1198 slices and a dynamic power of 3.37
uW, that outperforms by 3 times and 39 times respectively to
those of the SVM implementation on a similar platform.

I. Introduction

Epileptic seizures, collectively known as an epilepsy is a
brief episode of symptoms due to abnormal, excessive or
synchronous neural activity in the brain [1]. Such effects can
vary from uncontrolled jerking movements to as subtle as a
momentary loss of awareness. More than two hundred thou-
sand cases are reported for epilepsy alone in the United States
every year. In a clinical setting, electroencephalography (EEG)
combined with video monitoring is the golden standard for
the detection and diagnosis of various neurological conditions
including epilepsy [2]. This procedure is expensive and also
requires the subjects to stay wearing the data acquisition equip-
ment for longer periods of time. Sudden unexpected death in
epilepsy (SUDEP) which is a fatal complication of epilepsy
occurs mainly during sleep. Such patients with seizures at
nights could survive if one would immediately detect their
seizures and notify their caregivers about the situation, or in
treatment, would be able to release the medication/electrical
stimulus to reduce the impact of the seizure. Motivated by
this introduction, we propose an online, wearable system that
predicts the occurrence of seizures with good accuracy and
consuming a minimal amount of dynamic power.

II. Background
There is a great amount of research that is being carried out

currently to improve the effectiveness of techniques used for
seizure detection [3]. On the other hand, scalp based wearable
seizure detection systems suffer from limitations including
larger noise margins and less accuracy in detecting seizures
with lower scalp EEG changes. Another major hurdle that
remains is the general model which reduces the accuracy
and sensitivity of seizure detection. Personalized models have
been shown to improve the increase in the efficiency of
seizure detection [2][3][4][5][6][7]. Though the personalized
models produce satisfactory results, in real world, it becomes
impractically complex in collecting and developing the model
for each patients EEG data separately. In this paper, we discuss
an real-time self-trained model for seizure detection which
is personalized with the patients EEG activity. In addition to
developing a model that can detect the seizures online for
personalized individual’s EEG data, in this paper, we also
compare our model with SVM from previous works.
Our model primarily uses Metropolis-Hasting (MH) algorithm
which is a recursive algorithm that generates samples from
a given probability distribution and is one of the simplest
Markov Chain Monte Carlo (MCMC) algorithms [8] [9]. In
this paper, we implement MH over a Gaussian Mixture Model
(GMM) on a Field Programmable Gate Array (FPGA) to
generate a seizure detection model. With this model, we are
able to achieve 100% seizure detection just with the EEG data
from the scalp area of the device.

III. Dataset
The dataset consists of EEG files for 10 different patients

with focal seizures originating in the temporal lobe obtained
from the Epilepsy Center at University of Maryland School
Medicine. All time-series EEG data for 10 individuals are
labeled with seizure and non-seizure epochs. These labels will
help us to calculate the accuracy, sensitivity, specificity and
F1-measure. Also, baseline EEG data is present for all the 10
individuals. Since the recorded data is for patients with focal
seizures in the temporal lobe, only 6 electrode Channels (T1,
T2, T3, T4, T5, T6) largely present seizure on the scalp.

IV. Experimental Setup
Fig.1 shows the overall model and processing steps for

EEG signals. We read the EEG signals only from 6 Channels
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(T1, T2, T3, T4, T5, T6) that are present in the scalp. These
signals are then passed through a Bandpass Butterworth filter
of order 6 in range of 2 Hz to 18 Hz to filter out the noise in
the EEG signal. This pre-processing of data remains the same
even when we are comparing our model with conventional
methods for classification such as SVM to make sure we are
providing equal quality of data for both the models.
The pre-processed samples are passed through “Parameter
Calculation Block” block (a) in Fig.1, which calculates the
mean (µ) and standard deviation (σ) of the streaming data,
and continuously updating these values. A histogram of all
the samples is shown in Fig.3 (a.1). The formula to calculate
the mean and variance is mentioned in equation 1. Two sets
of µ and σ are calculated, one for the positive offset samples
and the other for negative offset samples of EEG data and
the PDF with these µ and σ values shown in Fig.3 (a.2).

µ =

∑n
i=0 xi

n
, σ2 =

∑n
i=0(xi − µ)2

n − 1
(1)

These calculated values, µ1, σ1 and µ2, σ2 are applied in the
bi-modal GMM distribution to calculate the PDF according
to equation 2. The PDF is used by the “MCMC sample
generator block” shown in Fig.1(b) to generate the samples.
The distribution of the samples generated is shown in Fig.3(b)
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The Metropolis Hastings algorithm of MCMC is fed
with the above generated PDF parameters. Fig.2 depicts the
schematic of a Metropolis-Hasting algorithm that samples over
a bi-modal GMM distribution with µ and σ parameters. The
schematic is the full implementation that shows the algorithm
in its defined form, and consists of a probability estimation
block, a Uniform Random Number Generator (URNG), a
Gaussian Random Number Generators (GRNG), an adder,
divider, comparator and multiplexers. The detailed imple-
mentation of this schematic is explained in the Hardware
Design in section-VI. The algorithm starts by initializing x
and p(x) to arbitrary values. Then, a proposed sample, x*, is
made by summing the current x and a GRNG sample. The
probability estimation path calculates the probability of the
proposed sample. Finally, multiplexer chooses between the
current sample and the proposed sample by comparing the
ratio of their probabilities with a generated URNG sample.
The chosen sample and its evaluated probability loop back to
the circuit to generate next sample.

MCMC block generates the samples continuously and inte-
grates them into windows of 16 samples which are passed to
“Distance calculation and Threshold comparison block”.

The distance between these 16 samples generated by MCMC
to 16 samples of actual EEG data is calculated. This plot
is shown in (c) of Fig.3. A threshold value is identified
(calculated based on the maximum and mean values of the
signal) and for all the values of distance that is greater
than the threshold, a seizure is marked detected as shown in
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Fig. 1. Block Diagram of the Model.

Fig. 2. Block Diagram of the MCMC sample generator

Fig.3(d). The block Fig.1(c) shows the “Distance calculation
and Threshold comparison block”.
A single experimental setup is performed with two different
classification models. For these experiments, leave-one-record-
out cross-validation approach is used.
1. Classification model using SVM: From each window of 16
samples, 4 features (mean, max, min, absolute maximum) are
extracted from it. These 4 features are passed to the training
model of SVM. The record that is left out is passed through
the SVM to predict the Seizures.
2. Classification model using MCMC: The EEG data is passed
through the model described in the section. The outputs are
compared with the pre-defined labels to calculate the accuracy
and sensitivity.

V. Experimental Results
The classification performance of a seizure detection system

is determined by accuracy, sensitivity, specificity and F1-
measure. Our model can detect all of the patients seizure,
making the onset sensitivity of 100%. But we compare the
classification for each window and calculate the metrics to get
non-biased results. Accuracy is the most common performance
measure and is the ratio of correctly predicted samples to total
samples. While sensitivity is the true positive rate which mea-
sures the proportion of positives that are correctly identified.
Sensitivity is usually more useful than accuracy when we have
an uneven class distribution like EEG data. The equations to
calculate the accuracy and sensitivity are shown in equations 3
and 4 respectively. (TP = True Positives, TN = True Negatives,
FP = False Positives, and FN = False Negatives.)

Accuracy =
T N + T P

T P + FP + FN + T N
(3)

S ensitivity =
T P

T P + FN
(4)

978-1-5386-4881-0/18/$31.00 ©2018 IEEE



Fig. 3. Plots corresponding to each block of the block diagram. (a-1) A graph
showing histogram of all the sample of an EEG data sample. (a-2) Histogram
converted to a discrete PDF, and a continuous Gaussian PDF plotted with
mean and variance. (b) using MCMC to generate new sample and verifying
if the fit the same distribution as that of the seizure signal. (c) Deviation in
distance plotted with respect to the samples generated. (d) final signal showing
seizure(in red) and non-seizure(green)

Fig. 4. Bar charts comparing the two model approaches in terms of accuracy

Fig.4 and Fig.5 respectively show the accuracy and sensitivity
values of MCMC model compared to the SVM model. The
data for ten individuals is plotted and the average results are
plotted in the last. The graph shows there is an average of
2% increase in the accuracy and 11% in sensitivity. Though
there is only a slight increase in accuracy there is a high spike
in the value of Sensitivity. Since Sensitivity is the measure
of true positives, it proves that MCMC model has detected
a vast number of seizures accurately compared to the SVM
model. Also, the MCMC model constantly updates it’s µ and
σ values with the input data. This helps the performance gets
better with time as shown in Fig.6

VI. Hardware Design
The hardware of the proposed model is designed based on

the schematic in Fig. 2. However, in this work a low-power
and low-overhead design is favored over a high-throughput

Fig. 5. Bar charts comparing the two model approaches in terms of F1-
Measure

Fig. 6. Line graph of metrics against the amount of EEG Data
fed into the MCMC model. Sensitivity= TP/(TP+FN), F1 Measure =
2TP/(FP+FN+TN+TP).

one. Therefore, the 3 dividers and the 2 exponential blocks
are respectively merged into one divider and one exponen-
tial block, which are shared when an operation is required.
Sample values are in 18-bit fixed-point format. Fig.7.a shows
the implemented hardware which consists of the parameter
calculator, MCMC sampler, and distance calculator blocks.
The parameter calculator computes the mean and the standard
deviation of each mode of the bi-modal GMM based on
the equation 1. The division in this block is carried out
by means of right shift and is only applicable when the
number of accumulated samples is a power of 2. The MCMC
sampler, unlike Fig.2 that represents a parallel implementation,
is implemented serially, i.e. only one operator resource is
implemented per operation, and an FSM controls the data flow
within the resources.
The URNG in the sampler block depicted in Fig.7.d, is imple-
mented by a linear feedback shift register (LFSR) which is a
pseudo-random number generator. The GRNG is implemented
by using Inverse Cumulative Distribution Function (ICDF).
Fig.7.b shows architecture of the GRNG that is composed of
a URNG and an ICDF approximation via polynomial inter-
polation. The ICDF approximation comprises of a segment
selection block, and an interpolation in the selected segment.
The design uses Chebyshev polynomial order for all segments.
The Chebyshev coefficients are calculated using Horners rule.
Each of URNG and GRND generates one sample at every
clock cycle. The exponential calculator, as seen in Fig.7.c,
is implemented using CORDIC algorithm. In our exponential
function design, the input value is first read, and is assumed to
have a temporary exponent value of 1. Then, a pre-calculated
reference value is read from a ROM and is subtracted from
the input value. If the result is negative, then it will replace
the input value. Meanwhile, the temporary exponential value
will be multiplied by another offset value, read from another
ROM. Otherwise, both the input and the temporary expo-
nential values will be passed to the next iteration without
any manipulation. After a few iterations, the temporary value
converges to the true exponent value. We calculated values for
the reference and offset ROMs such that for an exponential
function of a negative 18-bit value the process will complete
after 16 iterations, for which, consequently, 16 clock cycles
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Fig. 7. Block diagram of the implemented hardware (a) integrated blocks that
comply to the model in Fig.1 in more detail, consisting of parameter calculator,
MCMC sampler, and distance calculator. SQR and ACC are respectively
square function and accumulator. (b) URNG implemented by LFSR (c)
exponential function implemented by CORDIC. (d) GRNG implemented by
ICDF. (e) Restoring Divider

are spent when implemented in our hardware. Fig.7.e shows
architecture of the divider. The divider uses a restoring division
algorithm. The algorithm is devised for fixed-point values and
calculates the quotient after N iterations, where N is the length
of the nominator (dividend) and the denominator (divisor).
At each iteration, a temporary remainder and the dividend
are shifted leftward (SHL) one bit at a time, such that the
MSB of the dividend replaces the LSB of the temporary
remainder. The divisor is then deducted from the temporary
remainder. If the result is positive, the LSB of the dividend
is set to 1. Otherwise, the LSB of the dividend is reset to 0
and the temporary remainder is restored to its previous value.
This process completes after N iterations. When implemented
on our hardware, 18 iterations to calculate one division are
complete after 37 clock cycles and the dividend will finally
be replaced with the quotient.
With the serial implementation, the sampler generates one
sample from the bi-modal GMM at every 112 clock cycles. We
finally set the frequency of the FPGA to the rate at which the
application requirement is met, and the power consumption is
minimized.

VII. Implementation Results and Comparison

The architecture is implemented using Verilog HDL, and
synthesized and placed and routed on tiny and low power
Artix-7 FPGA using Xilinx ISE tools. The results are reflected
in table I and are compared to those of SVM implementation
of seizure detection on Virtex-5 FPGA [2]. The results in-
dicate that, compared to the SVM implementation in [2], our
proposed approach uses 3 times less logic slices, 95 times less
memory and 39 times less power consumption.

TABLE I
Implementation results of this work on Artix-7, and comparison to similar
works. Energy values are considering only the dynamic power, as the

leakage power was different for each FPGA.

Design KNN3
[2]

SVM
LIN [2]

SVM
PLY [2]

This
work

Imprv. over
SVM PLY[2]

Window Sensitivity 94.44 95.00 95.39 92.88 0.97x
Logic Slices 3788 4281 3629 1198 3x

Memory (kB) 2916 828 792 8.3 95x
Max Freq (MHz) 131 152 150 200 1.3x
Latency (cycle) 644,622 108,665 91,928 2192 42x
Latency (ms) 4.9 0.7 0.6 0.011 54x

Nominal Freq (kHz) 1286 217 184 4.37 42x
Dynamic Power (uW) 2698.00 192.96 131.83 3.37 39x

Energy (uJ) 1349 96.5 65.9 1.68 39x

VIII. Conclusion
This paper presented a novel approach to wearable online

scalp based seizure detection that utilizes MCMC methods
and PDF to achieve seizure detection at high speeds and great
accuracy. This method proves as a better seizure monitoring
technique when compared to conventional SVM classification
as the sensitivity increases by 11% with the present technique.
Also, since the model automatically trains itself for every
individual and improves over time (online), excessive efforts
need not be taken in collecting and developing individual
models separately. Importantly, the complete design can be
implemented on a small Artix-7 FPGA consuming 3.37 uW
while making 2 predictions/second, and maintaining an accu-
racy of 81% and sensitivity of 92%. When compared with
the work that presented the detection of seizure over FPGA
using SVM techniques our model has proved to show excellent
improvement with 3x reduction in logic utilization and 39x
reduction in dynamic power, while the sensitivity remained
nearly the same.
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