Low Latency Real-Time Seizure Detection Using
Transfer Deep Learning

V. Khalkhali, N. Shawki, V. Shah,
M. Golmohammadi, |. Obeid, and J. Picone

Neural Engineering Data Consortium

Temple University NEURAL ENGINEERING
DATA CONSORTIUM



Abstract

» Scalp electroencephalogram (EEG) signals have a low signal-to-noise ratio.

 Temporal and spatial information must be exploited to achieve accurate
detection of seizure events.

* Most popular approaches to seizure detection using deep learning do not
jointly model this information or require multiple passes over the signal,
which makes the systems inherently non-causal.

« We exploit spatiotemporal information by converting the multichannel signal
to a grayscale image and using transfer learning to achieve high performance.

* The proposed system is trained end-to-end with only very simple pre- and
post-processing operations which are computationally lightweight and have
low latency, making them conducive to clinical applications that require real-
time processing.

 We have achieved a performance of 42.05% sensitivity with 5.78 false alarms
per 24 hours on the development dataset of v1.5.2 of the Temple University
Hospital Seizure Detection Corpus.

* On a single core CPU operating at 1.7 GHz, the system runs faster than real-
time (0.58 xRT), uses 16 Gbytes of memory, and has a latency of 300 msec.
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Introduction: Visual Interpretation of an EEG
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Transfer Learning: Leveraging Pretrained Networks

ResNet18
4 Input \( |
(D4, D,) Input Input
Conv2D@D1xD2 Moo 2@ D: (3,64) i
- kernel: 3x3
kernel: 7x7 stride: 2x2 \ {
stride: 2x2 padding: 1x1 (. h

padding: 3x3 BatchNorm@D, dilation: 1x1

D O [ ) 5 cmme e

(64, 64) . (64, 64) .

\ J
/ Basic Block \ (| )
Stk 2Tl Downsample Basic Layer 2
Conv2D@DxD Conv2D@D.,xD Block g Block .
k: :1:,)(?1 ? o e . (64,128) (64, 128) (128,128)
p:1x1 BatchNorm@D, 1X1 BatchNorm@D, > S

@ @ RelLU @ @ Basic E— Basic Layer 3
\ / Block (128, 256) g Block -

. (128,256) (256, 256) )
/ Downsample \ / Output \ d )
(D1, D2) (D4, Dy) Basic 5 | Basic Layer 4
|conv2p@D,xD Average Block ownsample + Block !
KAxl Pooling Linear@D; to D, . (256,512) (256, 512) (612,512)
5 2x2 BatchNorm@D, ; o
@ % Output Output
\ VAN J 5122
\ J

E;é V. Khalkhali: Low Latency Real-Time Seizure Detection Using Transfer Deep Learning December 4, 2021 3



'Processing Pipeline: An Overview
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Processing Pipeline: Decimation
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Processing Pipeline: Local Normalization

n: index of the sample~
N:number of samples in a window centered around current sample

A[n]: Locally Scaled Image
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Processing Pipeline: Conversion to an Image
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Processing Pipeline: Conversion to HDF5
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« The Hierarchical Data Forinat version 5

(HDF5), is an open-source file format tnat

supports large, complex, heterogeneous data
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Processing Pipeline: Retraining ResNet18
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Processing Pipeline: Postprocessing
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Results: Performance Comparison Using Overlap Scoring

Three systems were evaluated: Sensitivity Foz':flt)e

* cnn_Istm: a hybrid CNN/LSTM system
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* ResNet outperforms both of these systems when the FA rate is low.
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Results: Analysis of the False Positive Rate

« Comparison with two top systems in the Neureka™ 2020 Epilepsy Challenge.

* ResNet still lags the two best performing systems (sia and pnc98).

 The ResNet system runs faster than real time with a latency of 300 ms. The
competition systems are non-real-time with infinite latency.
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Conclusions

- Transfer deep learning is used to improve [Sensitivity |
spatiotemporal modeling and accelerate -
convergence during training.

« Through the optimization of three critical {Rea"ﬁme System
parameters:
- SenSitiVity ‘False Alarm‘ ( Delay ‘

= False Alarm Rate
= Detection Latency

real-time performance comparable to offline systems,
can be achieved on v1.5.2 of the TUH EEG Seizure Detection Corpus
without sacrificing performance:

= Sensitivity: 42.05%
= False Alarm Rate: 5.78 false alarms per 24 hours

« While the number of samples in our database is relatively large, we do
observe overfitting tendencies on the training dataset.

 Though cross-validation was used, we plan to explore other pretrained
ImageNet networks to avoid overfitting and improve generalization.
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