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Epileptic seizure detection from electroencephalogram (EEG) signals is 
important for early clinical intervention in patients with neurological 
disorders. This study presents a hardware–software co-design 
implementation of a hybrid Convolutional Neural Network–Long Short-Term 
Memory (CNN–LSTM) model for automatic EEG classification on the Xilinx 
Zynq-7000 System-on-Chip (SoC) platform. In the proposed architecture, the 
CNN layers, which extract spatial features, are executed on the ARM Cortex-
A9 processors, while the LSTM and fully connected layers are implemented 
in the FPGA fabric to enable real-time inference. The model was trained and 
tested on the Bonn University EEG dataset for three-class classification: 
normal, interictal, and seizure (ictal) states. The proposed system achieves a 
classification accuracy of 99.33% with an inference latency of 0.657 seconds 
per EEG segment. Hardware-oriented optimizations, including fixed-point 
quantization and efficient approximations of activation functions, reduce 
power consumption and increase processing speed. Compared with a full 
software implementation, the proposed co-design provides a 12.5× reduction 
in execution time. These results demonstrate that deep learning–based 
seizure detection can be effectively deployed on resource-limited embedded 
platforms for real-time medical applications. 
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1. Introduction 

*Epilepsy is among the most common neurological 
diseases after migraines, with a prevalence of about 
50 million people around the world. According to the 
WHO, up to 10% of people will have at least one 
seizure in their lifetime (WHO, 2019), which 
ultimately brings an enormous burden to health 
treatment systems worldwide. 
Electroencephalogram (EEG) signals are also very 
important as they describe the electrical activities of 
the brain and offer a primary detection tool for 
diagnosing epilepsy. Manual signal reading from EEG 
by neurologists is very slow (Ein Shoka et al., 2023), 
subjective, and prone to human errors, especially 
when dealing with long-term monitoring data that 
may take hours and days to complete. On many 
occasions, even a whole day will not be enough for 
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experts to visualize and analyze reports on patients 
(Tatum et al., 2018), hence requiring secondary 
neurology experts' involvement in evaluating the 
process. 

Recent advancements in deep learning have 
brought forth encouraging outcomes (Dash et al., 
2024) in the automatic interpretation of EEG data as 
well as epilepsy detection. It has been found that 
Convolutional Neural Networks (CNNs) perform 
very well at extracting spatial features from EEG 
signals, and RNNs perform even better when 
properly optimized to extract temporal 
dependencies within sequential data. The popular 
RNN architecture is known as Long Short-Term 
Memory (LSTM). By mixing these two structures into 
one hybrid CNN-LSTM architecture (Chaturvedi, 
2023), both spatial and temporal features of the EEG 
signal can be exploited to raise the bar for 
classification accuracy. 

Though deep learning models have made 
breakthroughs in EEG classification, practically 
applying them to a real-time medical monitoring 
system is not easy. In most cases, software 
implementations on general-purpose processors do 
not provide computational efficiency for real-time 
processing. As an alternative, cloud-based solutions 
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bring up the issue of data privacy and concerns 
about network connectivity. Such raw signals sent 
through smartphones or wearable devices via the 
internet to the hospitals for diagnosis require high 
power consumption and reliance on internet 
connectivity, thereby defeating the very purpose of 
low-power automation (Dabbaghian and Kassiri, 
2025). Hardware acceleration is highly attractive by 
using Field-Programmable Gate Arrays (FPGAs) 
since it opens the possibility for energy-efficient as 
well as high-performance computing customizable 
platforms (Muneeb and Kassiri, 2024) for medical 
applications. 

Machine Learning (ML) represents a major 
advance over traditional visual inspection of EEG 
recordings for detecting epileptic seizures. The 
installation of ML models allows speedy and very 
precise treatment of EEG information through 
automation in extracting features, recognizing 
patterns, and classification. Unlike handcrafted rules 
and manual interpretation, ML models can specialize 
in fitting the complicated statistical properties of 
EEG signals across different patients and generalize 
so that even subtle changes in EEG patterns related 
to impending seizures can be detected for timely 
patient intervention. Changes in ML technology have 
served to shift clinical practice significantly through 
the creation of predictive modeling plus real-time 
monitoring, taking further steps than retrospective 
diagnosis (Dash et al., 2024). 

A wide range of ML approaches has been applied 
to EEG data for epilepsy research. Some of these are 
supervised learning classifiers like SVM, RF, k-NN, 
and gradient boosting models. Other deep learning 
models include CNNs and LSTMs. The goal of 
supervised learning is to build a model that can learn 
from labeled EEG data to correctly differentiate 
between seizure and non-seizure states-that is 
essentially the main task for most algorithms for 
detecting seizures. Specifically, deep learning models 
expand on this by permitting automatic extraction of 
hierarchical feature representations directly from 
raw EEG input data, reducing dependency on manual 
feature engineering, hence attaining even better 
performance for classification tasks (Chaturvedi, 
2023) in several studies.  

The distinction between seizure and non-seizure 
EEG segments lies at the very heart of classification 
for detecting epileptic seizures. The performance of 
ML models relies heavily on both the quality of input 
features and support for temporal dynamics related 
to manifestations of seizures provided by the model 
architecture itself. Many works have highlighted the 
importance of this binary classification within a 
continuous monitoring system whose main goal 
would be to provide real-time alarms about detected 
seizures so that clinical intervention could take place 
in time. Just making an explicit distinction between 
seizure and non-seizure states serves in most 
epilepsy detection algorithms as the benchmark task 
on which more advanced tasks (Goel, 2025), such as 
type classification or even prediction, are built. 
Feature extraction is a very important step of 

preprocessing in the ML classification pipeline for 
EEG-based seizure detection. Raw EEG signals are 
not only highly dimensional but carry huge levels of 
noise; hence, extraction of salient and discriminative 
features is necessary so that ML models can focus on 
relevant characteristics of the signal and reduce the 
complexity considerably. Some major types of 
features include time-domain, frequency-domain, 
and time-frequency domain features. They represent 
different aspects of EEG signals. The mean, standard 
deviation, and variance are examples of time-domain 
features that give statistics about fluctuations in 
amplitude over the signal and can highlight 
abnormal activities during periods of seizures. 
Frequency-domain features describe the spectrum 
composition and energy distribution for various 
standard bands; their difference under normal 
conditions and ictal conditions has been proven as 
significant (Sadangi et al., 2024). The combination of 
time domain and frequency domain feature sets 
mostly provides better classification results since 
information about temporal dynamics as well as 
spectral content is available (Saini and Chandel, 
2024). 

Time-frequency domain approaches have lately 
been considered very strong for the analysis of non-
stationary EEG signals during epileptic seizures. 
Among all pre-processing techniques, the Discrete 
Wavelet Transform (DWT) has probably been most 
widely used since it allows decomposition of the EEG 
signal into different frequency sub-bands while 
maintaining time resolution. Multi-level DWT 
decomposition supports the endeavor to attain 
transient features related to seizure activities within 
frequency bands such as delta, theta, alpha, beta, and 
gamma rhythms. There are myriad works that have 
implemented DWT to extract features from the 
above, implying better performance in classification 
regarding seizures. They have also incorporated 
statistical feature extraction with DWT for enhancing 
robustness in modeling. For instance, advanced 
hybrid models improved classification accuracy 
using DWT-decomposed EEG signals by exploiting 
both time-frequency features and ML algorithms 
(Cao et al., 2025). 

The Fast Fourier Transform has been one of the 
classical frequency domain methods usually applied 
to EEG signals for deriving spectral features related 
to seizure activity. In essence, it transforms EEG 
signals from their original time representation into 
frequency representation so that frequency band 
powers and other spectral characteristics that are 
very useful in describing abnormal neuronal 
discharges can be determined. FFT-based features 
integrated with time-domain features make very 
comprehensive representations that enhance the 
capability of any classification algorithm toward 
differentiating between seizure and non-seizure 
states (Ahmad et al., 2024).  

Also, through FFT, those frequency bands most 
often affected during an epileptic event can be 
determined; hence, interpretable information is 
provided to clinicians. 
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2. Literature review 

The hardware implementation of an epileptic 
seizure detection system is very crucial towards 
achieving real-time applications (Dabbaghian and 
Kassiri, 2025), and FPGAs have so far gained much 
consideration as a platform for such systems because 
of their configurability, parallelism, and power 
efficiency. Literature provided various FPGA 
platforms that were used to implement the epileptic 
seizure detection system. In one of the 
implementations, a neural network was synthesized 
by high-level synthesis (HLS) and deployed on an 
FPGA, which is part of the Pynq-Z2 board having a 
ZYNQ SoC (Shanmugam and Dharmar, 2025; Alam et 
al., 2024a; Sajja and Rooban, 2024). Some platforms 
found frequently in the literature include high-level 
synthesis on Xilinx Zynq-7000 and Artix-7 chips 
utilizing Xilinx System Generator (XSG) for digital 
signal processing (Jaffino et al., 2023; Meddah et al., 
2020). 

Architectural designs in literature vary greatly by 
complexity and implementation approach. In this 
regard, some authors presented a hardware 
implementation system based on a multi-layer 
perception (MLP) architecture (Zairi et al., 2022) for 
detecting epileptic seizure activities successfully 
implemented on an FPGA. Two-stage architectures 
have been adopted by certain systems to optimize 
the power consumption of the system, where the 
proposed algorithm extracts coastline, energy, and 
nonlinear energy features (Razi and Schmid, 2021) 
from iEEG signals in a patient-specific two-stage 
seizure detection framework. Notably, the detection 
stage of the proposed system, which extracts twice 
as many features as the monitoring stage, is active 
only when the monitoring stage has detected a 
seizure occurrence. 

Dynamic partial reconfiguration has been used at 
the application level to improve resource usage as 
well as power consumption. A design that proposed 
a system of reconfiguration in nature for designing 
an epileptic seizure detection system accommodates 
several feature extractors followed by a classifier. 
These feature extractors use DPR (Khan and da Silva, 
2024) such that there will be no leakage power from 
different parts of the extractors when they are not in 
use, hence reducing resource consumption by 0.68 
and consequently reducing the corresponding 
leakage power. The DWT has been the most popular 
methodology of feature extraction in FPGA-based 
seizure detection systems. This paper is part of 
efforts by several others to come up with a model for 
designing an FPGA that would implement DWT and 
principal component analysis (PCA) (Meddah et al., 
2020; Feng et al., 2017) toward determining the best 
parameters for support vector machines (SVMs) to 
classify EEG data for epileptic seizures. The 
proposed system would include a module for feature 
extraction using DWT and training using MSMO. A 
Daubechies order 4 wavelet was used in a three-level 
DWT configuration since it saves on circuit area and 
computational time. 

Also, advanced wavelet approaches have been 
studied by presenting an optimized medical 
diagnostic approach based on wavelet transform 
using a very small set of features (Zairi et al., 2022; 
Rout et al., 2022) that properly classify the relevant 
EEG classes. The method proposed is designed and 
implemented within a high-speed reconfigurable 
FPGA embedded processor with reduced design 
area, fewer hardware resources used, and low power 
consumed. It addresses many VHDL simulation and 
real problems for chipscope FPGA implementation, 
such that an FPGA-based standalone computer-aided 
design (CAD) system has been created to implement 
the detection of epileptic seizure epochs with 
improved detection accuracy. 

MLP neural networks have found rich 
applications on FPGAs toward seizure detection 
(Sarić et al., 2022; 2020). Hence, MLP, ANN-based 
FPGA solutions are scalable and portable systems of 
great importance for real-time epileptic seizure 
diagnostics, both clinically and non-clinically. This 
study presents a prototype implementation of a 
feed-forward MLP-ANN classifier implemented on an 
FPGA board that is practically employed to recognize 
different types of epileptic seizures in real time. The 
architecture and training of the MLP-ANN model are 
developed offline in the TensorFlow Python 
environment, with MATLAB scripting possible, while 
real-time FPGA implementation would be done 
directly by coding in VHDL. 

Classifiers based on Extreme Learning Machine 
were also used due to their computational efficiency 
(Mulla et al., 2022; Indira Priyadarshini and Reddy, 
2023). In the next steps, features extracted from the 
modeled EEG signal are classified as normal or 
seizure signals using the ELM classifier. The 
proposed system has effectively demonstrated 
detection of epileptic seizures using ELM classifiers 
on an FPGA, hence a system that accurately detects 
seizures. 

The SVM was implemented (Alam et al., 2024b; 
Rafiammal et al., 2020) in an FPGA-based seizure 
detection system, which proved to be very accurate. 
The results indicated that the SVM classifier-based 
model produced the highest accuracy of 99.4% with 
a sensitivity of 98.8%, consuming the least dynamic 
power of only 0.057 mW and utilizing very minimal 
resources of the FPGA. A binary Linear Support 
Vector ML algorithm-based automatic seizure 
detection algorithm has been developed in an FPGA 
for this proposed design. Experimental results give a 
mean detection accuracy of 86% and a sensitivity of 
97%. 

Deep learning, particularly CNNs, has been used 
to increase accuracy in detection. Average 
classification accuracies obtained were 93.9% for 
CNN models and 97.2% for Bi-LSTM models on all 
frequency bands from both epileptic and non-
epileptic patients. Semi-supervised reduced deep 
CNN-based implementation of the system on FPGA 
indicates that it is feasible to run quite advanced 
deep learning models on FPGA platforms (Beeraka et 
al., 2022; Sahani et al., 2021). 
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3. Hybrid CNN-LSTM architecture 

The selected hybrid CNN-LSTM architecture, 
shown in Fig. 1, is intended for the joint spatial and 
temporal feature extraction of EEG signals toward 
the precise detection of epileptic seizures (Pandey et 
al., 2023). This multi-stage architecture provides 
hierarchical feature extraction from raw EEG inputs 
progressively. The network starts with an input 
layer that takes raw EEG signals having dimensions 
(4097, 1), a single-channel EEG segment. The size of 
the input is selected to ensure enough temporal 
information and, at the same time, maintain 
computational efficiency. Spatial characteristics are 
extracted through a series of 1D convolutional 
layers, followed by time pattern recognition through 
LSTM layers, and finally classification over fully 
connected layers. The input layer gets the EEG 
samples in digital, segmented form; this 
segmentation strategy ensures that every input 
carries relevant neural activity patterns with 
consistent input dimensions across different patients 
and recording conditions. The total network depth 
and width are aimed at balancing the power of 
feature extraction against computational efficiency, 
particularly within its hardware implementation 
constraints. The progressive spatial dimension 
reduction achieved through CNN layers, followed by 
temporal processing thereafter in LSTM layers, 
ensures an efficient information processing pipeline 
that will be able to pick not only minor 
morphological details but also major temporal 
trends, which are quintessential for accurate EEG 
classification. 

3.1. CNN feature extraction architecture 

The CNN part of this hybrid model has four one-
dimensional convolutional layers built to pull out 
hierarchical spatial features from EEG signals, as 
shown in Fig. 1. The first convolutional layer 
(Conv1D Layer 1) runs the input through three 
filters with a kernel size of 27, changing the input 
shape from (4097, 1) to (4071, 3). A rather big 
kernel here is used to get those characteristic 
waveform patterns found in EEG signals, which often 
extend over several samples. These three filters 
capture different types of neural oscillations 
typically observed in EEG recordings. After the initial 
convolutional layer, max- pooling with a stride of 2 
reduces dimensions to (2035,3), hence maintaining 
translation invariance and reducing the computation 
for the following layers. The second convolutional 
layer increases its number of filters to 10 by using a 
kernel size equal to 14, outputting (2022,10). This 
layer further elaborates on what was detected in the 
previous layer by creating more compound feature 
mixes that may be applied towards discrimination 
between different types of neural activity patterns. 
The third and fourth convolutional layers continue to 
build the hierarchical feature extraction. Conv1D 
Layer 3 also has 10 filters with a smaller kernel size 
of 3, focusing on even more local patterns; Conv1D 

Layer 4 reduces filters to just 4, with its kernel size 
at 4. Every convolutional layer is followed by max-
pooling that reduces spatial dimensions further but 
keeps the most important features. This results in 
the final output from the CNN component having 
dimensions of (250,4), which offers a compact yet 
very informative representation of spatial 
characteristics contained in the original EEG signal. 

 

Input Layer
(4097, 1)

1-D CNN (4071,3)
Kernel size = 27

Maxpooling (2035, 3)
Stride = 2

1-D CNN (2022,10)
Kernel size = 14

Maxpooling (1011, 10)
Stride = 2

Normal interictal Seizure (ictal)

LSTM Layer (1)
(250, 8)

LSTM Layer (2)

(250, 16)

LSTM Layer (3)

(250, 32)

Fully Connected Layer (1)
ReLU (30)

Fully Connected Layer (2)

ReLU (10)

Fully Connected Layer (3)

Softmax (3)

1-D CNN (1009,10)
Kernel size = 3

Maxpooling (504, 10)
Stride = 2

1-D CNN (501,4)
Kernel size = 4

Maxpooling (250, 4)
Stride = 2

 
Fig. 1: Architecture of CNN-LSTM model for EEG signal 

classification 

3.2. LSTM temporal processing 

Recurrent Neural Networks (RNNs) usually learn 
short-term dependencies well for sequential data but 
do not perform well on long-term dependencies due 
to the vanishing gradient problem. The LSTM cell 
solves this by introducing memory cells and a gating 
mechanism, while performance can be improved 
using peephole LSTMs by allowing the gates direct 
access to the cell state. The Gated Recurrent Unit 
(GRU) simplifies LSTMs by merging some gates and 
states, which means even less complexity than a 
standard LSTM, having good performance on long 
sequences, especially in hardware-limited scenarios. 
The features extracted by the CNN are processed by 
LSTM so that temporal dependencies can be 
captured in those features for proper classification 
between baseline, interictal, and seizure (ictal) 
conditions in the EEG signals. Fig. 1 shows an LSTM 
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network with three sequential layers having 
increasing numbers of hidden units: 8, 16, and 32. 
Increasing capacity gradually allows the model to 
learn temporal patterns at different levels of 
complexity. The output of the CNN, which has a 
shape of (250,4), is read by the first LSTM layer and 
transformed into an output with a shape of (250,8); 
where 250 is the length of the time series, and 8 is 
the size of the hidden state. Mainly, it focuses on 
basic temporal patterns and short-term 
dependencies in the feature sequence. A not very 
large number of hidden units in this layer helps 
reduce overfitting and, at the same time, captures all 
necessary temporal patterns. The second LSTM layer 
increases to 16 hidden units, thereby improving the 
ability to recognize more complex temporal patterns. 
Medium-term dependencies and more detailed 
temporal relations between features that a CNN 
layer extracts can be realized by this layer. The third 
LSTM layer increases the capacity to 32 hidden units, 
therefore enabling the model to recognize long-term 
dependencies and complicated temporal dynamics 
that are found in different EEG states. Standard 
LSTM cell equations are used by each layer; 
remember the concept of forget gates, input gates, 
and output gates. The forget gate determines what 
information should be removed from the cell state, 
while the input gate determines what new 
information should be added. The output gate shares 
what aspects of the cell state should be output as the 
hidden state. Such a gating mechanism is highly 
important in EEG signal processing since the 
network must learn to keep relevant information 
about patterns of seizure onset and discard 
irrelevant background activity. 

3.3. Classification layers 

Three fully connected layers make up the final 
classification stage by processing the output from 
the LSTM network to class probabilities for a three-
class classification problem. The first fully connected 
layer takes as input the output from the final LSTM 
layer and reduces it to 30 neurons using the ReLU 
activation function. This may be regarded as a 
feature consolidation stage by which temporal 
representations gained by the LSTM layers are 

brought into an even more compact form suitable for 
classification. This second fully connected layer 
brings the representation down to 10 neurons, again 
using ReLU. It allows more non-linear tricks that can 
make different EEG classes even easier to separate. 
The last fully connected layer gives an output of 3 
neurons, one for each class: Normal, interictal, and 
Seizure (ictal) states. Here, the softmax activation 
function is used; it will output probabilities across 
the three classes so that confident decisions can be 
made about which state is present.  

4. Hardware-software co-design implementation 

The hardware-software co-design methodology 
refers to the concept of embedded and digital system 
development, such that hardware and software are 
not designed sequentially but rather in parallel. By 
functional partitioning of the system between the 
hardware component, for example, FPGA, ASIC, and 
software running on a processor, performance, cost, 
power consumption, and flexibility of design may be 
optimized (Buzdar et al., 2017a; 2017b; 2016). The 
hardware-software co-design is done using the Xilinx 
ZYNQ-7000 System on Chip that provides an ARM 
Cortex-A9-based Processing System (PS) and 
Programmable Logic (PL) inside the same chip. Our 
partitioning method assigns CNN operations to run 
on the ARM processors while LSTM and fully 
connected layers are implemented in FPGA 
hardware. This decision is made based on an 
analysis of the computational characteristics of all 
parts of the network versus what type of processing 
platform they best map onto. The HW-SW co-design 
hybrid CNN-LSTM inference setup using a SoC-FPGA 
platform is shown in Fig. 2. 

The ARM Cortex-A9 processors found inside the 
PS are highly suitable for running CNNs because 
these types of workloads are rich in control, involve 
complex memory access patterns, and software 
libraries optimized for convolution operations are 
readily available. Even though CNN layers require a 
lot of computation, they have regular memory access 
patterns that can be effectively exploited by using 
the cache hierarchy as well as the advanced branch 
prediction capabilities provided by the ARM 
processors.  

 

Zynq SoC

ARM Processor

SDIO DMA

DRAM Interface

CNN Model C++ Code

Inference Scheduling

Accelerator Commands 

HW-SW Profiling

AXI bus

RAM

DRAM

Host Computer

EEG Data

PL (HW)

PS (SW)

LSTM 
Accelerator

 
Fig. 2: HW-SW co-design hybrid CNN-LSTM inference setup using a SoC-FPGA platform 
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In addition, since the data types and arithmetic 
operations involved in CNN computations are 
relatively simple, they can be efficiently executed 
using the SIMD instructions provided on ARM 
Cortex-A9. LSTMs and fully connected layers have 
their implementation inside the FPGA fabric so that 
they can take advantage of deep parallelism and 
custom data paths typically available in 
programmable logic. LSTM computation requires 
many matrix-vector (multiply-accumulate) 
operations across several dimension-wise 
operations, which can be parallelized efficiently in 
hardware. The FPGA implementation supports 
custom precision arithmetic, optimized memory 
hierarchies, and special processing elements tuned 
particularly for the support of operations found in 
LSTM and fully connected layers. The Hybrid CNN-
LSTM EEG classification system using the SW-HW co-
design scheme is shown in Algorithm 1. 

 
Algorithm 1. Hybrid CNN–LSTM EEG Classification 
using SW-HW Co-Design 
1. Given: single-channel EEG segment of size 4097 × 1 
2. Return: predicted class y ∈ {normal, interictal, seizure 

(ictal)} 
3. Preprocess: apply z-score normalization 
4. [ARM] CNN feature extraction: apply 4× (Conv1D → 

ReLU → MaxPool); obtain feature map of size 250 × 4 
5. Transfer feature map to FPGA via AXI interface 
6. [FPGA] Temporal modeling: three LSTM layers with 

hidden units [8, 16, 32] 
7. [FPGA] Classification: three fully-connected layers with 

neurons [30, 10, 3] and activations (ReLU, ReLU, 
Hardmax) 

8. Decision: y ← argmax output scores (Hardmax) 
9. Output predicted class y via UART and update the on-

board display 

 
High-speed AXI interfaces manage data flow 

between the PS and PL, ensuring seamless, efficient 
transfer of intermediate results from CNN processing 
to LSTM hardware acceleration. In this architecture, 
the PS handles acquisition of EEG signals and 
preprocessing, besides feature extraction by a CNN 
and overall system control. The PL focuses on 
temporal processing implemented through LSTM 
layers, followed by final classification carried out via 
fully connected layers. This kind of partitioning 
minimizes any overhead associated with data 
transfers while maximizing the strength that can be 
brought to bear by each processing platform. The 
illustration of CNN-LSTM network inference 
operations using the SW-HW co-design scheme is 
shown in Fig. 3. 

4.1. Hardware accelerator design 

4.1.1. LSTM computational core architecture 

The LSTM Accelerator is the computation engine 
for the hybrid CNN-LSTM architecture; it manages 
the temporal dependencies of the EEG signals. This 
hardware design adopts a time-shared 
computational approach whereby a reduced set of 

arithmetic units, mainly multipliers, adders, and 
accumulators, are sequentially reused to compute 
the four gates of an LSTM. This architectural 
selection drastically reduces resource utilization on 
a Zynq SoC but keeps real-time inference capability. 

 

EEG Input Buffer

1D CNN & Max. 
Pooling

1D CNN & Max. 
Pooling

UART Vitis 
Terminal

Processing System 
ARM Cortex - A9

OLED Display Driver

Programmable 
Logic - FPGA

LSTM Acceleration

FC Layer Acceleration

FC Layer Acceleration

ZYNQ - 7000

LSTM Acceleration

 
Fig. 3: Illustration of CNN-LSTM network inference 

operations using the SW-HW co-design scheme 

 
The main computation for each gate (input, 

forget, candidate, and output) is based on matrix–
vector multiplications with the use of an input vector 
xt and a recurrent vector ht-1. In this architecture, 
proposed as time-multiplexed, these operations do 
not take place simultaneously in parallel dedicated 
hardware blocks. Rather, the same MAC unit or even 
minimally replicated MAC units iteratively go 
through all required weight segments. Weight 
matrices for input and recurrent paths are stored in 
different, separate small memory banks depicted as 
Wx, Wh, Xt, and ht memories shown in Fig. 4 to make 
sure there will be no conflict during sequential 
access. The architecture reuses the MAC hardware 
between gate computations by pipelining them 
under the control of a centralized FSM, weights 
loading orchestration, accumulation timing, bias 
addition, and activation function invocation. 

The first MAC process computes the 
transformation for one gate by streaming in the 
appropriate weight vectors from memory and 
accumulating partial results. As soon as summation 
for a gate is completed, it immediately begins the 
next gate in sequence, reusing all arithmetic 
resources used previously. To maintain throughput, 
while the matrix-vector multiply of one gate is being 
performed by the MAC hardware, weight buffers for 
another gate are preloaded in the background by 
FSM control. Thus, memory latency can be effectively 
hidden, also fitting well with the time-shared 
philosophy of this design. 

Once the forget, input, and candidate gates have 
been calculated, then a simple series of multiply-
accumulate operations updated via time-
multiplexing, as depicted in Fig. 5, can update the cell 
state. The new cell state ct is obtained by reusing the 
same multipliers for elementwise operations 
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involving forget gate output, previous cell memory, 
input gate output, and candidate input. 

The update of the hidden state requiring a tanh 
activation followed by an elementwise multiplication 
with the output gate is also performed using these 
shared computation units. By reusing the same 
hardware in sequence, the cell state ct and hidden 
state ht are computed efficiently without replicating 
processing units.  

The proposed LSTM hardware design shares 
time, shares memory, and implements scheduling 
through hierarchy, thereby enabling an 
implementation compact enough to be characterized 
as energy efficient. The approach thereafter leads to 
the optimum difference between resource utilization 
and inference delay, hence making it highly 
attractive to application developers for temporal 
deep learning models on FPGAs. 
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Fig. 4: The main hardware module that implements the LSTM gates 
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Fig. 5: The module that computes the ct and ht 

4.1.2. Fully connected layer hardware 
implementation 

The time-shared hardware architecture 
implements the fully connected layer (FC) layer in 
the proposed hybrid CNN-LSTM system and achieves 
high resource efficiency with real-time inference 
capability preserved. It does not adopt a classic 
parallel or systolic design with the replication of 
many processing elements, but shares a small 
computational core among neurons over time. The 

hardware implementation of the FC layer is shown in 
Fig. 6. LUTs, DSP slices, and BRAM consumption will 
also remain lightweight for this implementation on 
an FPGA, thereby making it the best fit for embedded 
low-power systems as well as mid-range FPGA 
devices. 
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Fig. 6: The module that implements the FC Layer 

 
In this design, the core computation matrix-

vector multiplication is done by a single Multiply-
Accumulate (MAC) unit or minimally replicated MAC 
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group in sequence with weights and input 
activations per neuron. For every neuron, the same 
MAC hardware iterates over the corresponding 
weight vector, accumulating partial sums until the 
neuron's output is fully computed. As soon as the 
accumulation for one neuron is completed, the 
hardware can be reused immediately for the next 
neuron. This kind of temporal reuse of 
computational units results in much less silicon 
overhead compared to spatially parallel 
implementations. 

A deterministic control FSM is used for managing 
the scheduling of operations, weight indexing, partial 
sum initialization, and neuron-level transitions. 
Weights are read from a small weight buffer and 
streamed to the MAC unit, while the input feature 
vector resides in a local activation buffer so that 
repeated access does not create any memory 
bottleneck. Intermediate accumulation registers 
keep precision during MAC iterations, thus ensuring 
numerical stability throughout the computation flow. 

4.1.3. Activation function hardware 
implementation 

Activation functions play an important role in the 
performance and convergence characteristics of 
LSTM networks. The traditional activation functions 
used are the sigmoid function and the hyperbolic 
tangent (tanh) function, which require a lot of 
computation because they are nonlinear and 
transcendental by nature; hence, it is expensive to 
implement them directly in hardware. To overcome 
this problem, hardware-efficient approximations can 
be used. Hard sigmoid and hard tanh functions can 
be used as simplified piecewise linear alternatives, 
which reduce computational complexity but keep 
competitive accuracy possible.  

These comprise simple linear segments 
approximating exponentials inside sigmoid and tanh 
functions, avoiding the heavy computational cost 
normally associated with exponentials, thus 
resulting in savings of FPGA resources and latency. 
The hard sigmoid results in a linear transform with a 
scale and bias added, whereas the hard tanh is 
saturation-based clipping for stable output value 
activation.  

4.1.4. Top control state machine design 

The hardware accelerator control unit uses a 
hierarchical FSM-based approach to control and 
manage complex interactions among CNN software 
processing, LSTM hardware acceleration, and fully 
connected layer operations. It is this top-level FSM 
that sits at the helm of affairs of the entire system 
operation and data flow management between the 
ARM processors and FPGA hardware. Thus, this 
hierarchy enables modular design and facilitates 
debugging as well as verification during 
development. 

The high-level FSM carries out the major flow of 
operations, which starts from an idle state waiting 

for new EEG data from ARM processors. When input 
data is received, it moves to a WAIT-CNN state 
where its internal mechanism waits until the CNN 
processing on the ARM side is complete. As soon as 
CNN features are available, it goes into LSTM-
PROCESS and manages the running of three LSTM 
layers in sequence. After that, LSTM processing will 
be followed by a fully connected layer execution FC-
PROCESS, and then the OUTPUT result formatting 
and sending. 

Every important processing step has a separate 
FSM that takes care of the detailed activities inside 
that step. The LSTM FSM manages the order in which 
the three LSTM layers work and handles data 
movement between layers, making sure everything 
is well coordinated. The FC FSM oversees the 
running of the three fully connected layers by 
organizing their matrix-vector multiplications and 
activation function uses. This kind of setup lets each 
processing step be made better on its own while 
keeping the whole system working together. 

5. Experimental setting and dataset 

The publicly available Bonn University EEG 
dataset was used for both training and testing the 
hybrid CNN-LSTM model. The data consists of five 
sets, A-E, that include 100 single-channel EEG clips 
per set. Each clip lasts 23.6 seconds and was sampled 
at 173.6 Hz. Sets A and B were taken from healthy 
people with the use of surface wires in two states: 
eyes open and eyes closed, in order. Sets C, D, and E 
were taken from sick patients using wires placed 
inside the head; set E matches EEG readings during 
seizure (ictal) times, while sets C and D match no 
seizures (interictal) times. Subset A is the normal 
class; it has EEG signals from healthy people. Subset 
D is the interictal class; it has EEG signals from 
patients with epilepsy in a state of non-seizure. 
Subset E is the ictal class; it has EEG signals recorded 
during periods of epileptic seizure activity. These 
subsets give artifact-free segments of EEG since 
visual inspection has confirmed them to be free from 
noise connected with muscle activities and eye 
movements. This choice makes it easy to compare 
brain work during normal, between seizures, and 
seizure times, helping in making and checking 
methods for good seizure finding and sorting. 

Different subsets of this data were used for 
training and validation purposes to avoid any kind of 
biased evaluation. The work follows a 90:10 split as 
an experimental setup. A tenfold cross-validation 
procedure was adopted to increase statistical 
confidence and remove random sampling biases. In 
each fold, nine out of the ten equally sized parts of 
the dataset were used for training, while the 
remaining part was used for testing by rotating the 
test set among all folds. This way, every sample gets 
involved in both learning and validation processes 
during different iterations. While training, the batch 
size has been set at 34 such that it achieves 
computational efficiency and model convergence. 
The network weights were updated using Adam 
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because this optimizer is very popular for its 
adaptive learning rate, as well as being insensitive to 
noisy gradients. Learning started off with a rate of 1 
× 10⁻³, and regularization was involved to control 
overfitting by imposing penalties on large weight 
updates; the model was subjected to training 
running across 100 epochs, while performance was 
tested on a reserved validation fold post every epoch 
to observe the trend towards convergence. 

In further steps toward reducing overfitting and 
improving generalization, various means were taken. 
First, the tenfold cross-validation used in training 
the model is a type of regularization since it involves 
repeated training on different subsets of the data. 
Second, spatial and temporal feature dependencies 
present in the EEG data were well captured by the 
convolutional and recurrent LSTM layers, reducing 
redundant representations as well as lowering the 
degree to which hand-engineered features would be 
required. Lastly, categorical cross-entropy was used 
as a loss function that enables real-time monitoring 
of both training and validation accuracies and losses 
for stable optimization. Training convergence 
behavior consistently improved with no sign of 
divergence. 

6. Results and discussion  

The general performance of the CNN-LSTM model 
is based on the four basic classification measures 
that give a clear view of the model’s diagnostic 
capabilities: accuracy, specificity, sensitivity, and 
positive predictive value (PPV). These measures 
shall emanate from the components of a confusion 
matrix as applied to a three-class classification 
problem, and for each class, such components being 
true positives (TP), true negatives (TN), false 
positives (FP), and false negatives (FN) for each 
class. All performance measure calculations are 
organized under standards for formulations in 
medical diagnostics. Specifically, accuracy is defined 
in Eq. 1, sensitivity in Eq. 2, specificity in Eq. 3, and 
PPV in Eq. 4. 

 

Accuracy =
TP+TN

TP+TN+FP+FN
                       (1) 

Sensitivity =
TP

TP+FN
                     (2) 

Specificity =
TN

TN+FP
                       (3) 

PPV =
TP

TP+FP
                         (4) 

 

Table 1 gives the classification results for CNN-
LSTM, averaging over tenfold cross-validation. The 
model has presented very high performances in all 
classes: Normal, Interictal, and Ictal, with accuracy, 
positive predictive value (PPV), sensitivity, and 
specificity at high values most of the time. These are 
average results from tenfold cross-validation with an 
overall accuracy of 99.33%, PPV of 99.33%, 
sensitivity of 99.33%, and specificity of 99.67%. This 
goes a long way to prove how robust and reliable 
such an approach can be. Fig. 7 presents the 
corresponding confusion matrix to visually validate 

how well the model can differentiate between the 
three states of EEG. The results show that it has 
almost perfectly classified all the samples with very 
minor misclassifications only between the Normal 
and Ictal classes. It predicted the Interictal class 
perfectly, which once again goes on to prove its 
generalization capability over different states of EEG. 

 
Table 1: Classification performance of the hybrid CNN-

LSTM model 

Classes 
Accuracy 

(%) 
PPV 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

Normal 99.00 99.00 99.00 99.50 
Interictal 100.00 100.00 100.00 100.00 
Seizure 
(ictal) 

99.00 99.00 99.00 99.50 

 

 
Fig. 7: Confusion matrix 

 
The hybrid CNN-LSTM network is implemented 

on the AMD Zynq SoC through hardware-software 
codesign methodology. The whole architecture is 
synthesized by the AMD Vivado Design Suite and 
validated with multiple test cases. In the 
development of neural networks in software, 
weights and biases are normally represented using 
floating-point arithmetic to maintain numerical 
precision. But computation based on floating points 
is resource-intensive, hence causing a great 
overhead on power and latency when incorporated 
into embedded hardware platforms. Fixed-point 
quantization is adopted as a method for enabling 
efficient execution within a chip. A detailed precision 
analysis at a software level is carried out so that the 
minimum word length for keeping classification 
performance at its best while reducing complexity in 
arithmetic operations can be found. This evaluation 
determined the selection of a 3.12 signed fixed-point 
format comprising 1 sign bit, 3 integer bits, and 12 
fractional bits. Such representation provides an 
optimal trade-off between quantization accuracy and 
hardware efficiency since it greatly brings down 
computational cost together with power 
consumption, without damaging inference reliability 
on Zynq SoC. Fig. 8 shows inference accuracy versus 
quantization bit width. There is a recovery of 
network accuracy as the quantization bit width 
increases from 2 to 12 bits. Severe quantization 
noise in the model at 2 bits precipitates a great drop 
in accuracy, which is about 60%. It falls within a 
range between 4 and 6 bits that will already produce 
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more than 90% accuracy due to a reduced 
quantization error. The actual floating-point baseline 
is about 99.33%, so further increase in bit width 
above eight bits yields essentially nothing towards 
increased accuracy. This trend has consolidated, 
therefore confirming mid-range fixed-point 
precision as optimal toward balancing hardware 
efficiency against attainable accuracy. Near-floating-
point accuracy can be maintained with this range 
while reducing FPGA resource consumption and 
power usage, hence making it appropriate for real-
time hardware deployment. 

 

 
Fig. 8: Inference accuracy versus quantization bit width 

 
Table 2 shows the FPGA resource usage on Zybo 

Z7-10 by the LSTM Accelerator. This proposed 
hardware-software co-design results in moderate 
usage of FPGA resources on the Zybo Z7-10 platform, 
consuming only 13% of Look-Up Tables (LUTs), and 
5.6% Flip-Flops (FFs), whereas Digital Signal 
Processing (DSP) blocks consumption stood at 
32.5%, and Block Random Access Memory (BRAMs) 
used up to 26.4%. This implies that the design has 
more than enough space for running real-time 
applications to fit into the device constraints, hence 
proving its feasibility. Though FPGA technologies can 
provide huge degrees of flexibility for prototyping 
and validation-on-chip, design in terms of power and 
speed can be optimized further when translated to a 
full-custom Application-Specific Integrated Circuit 
(ASIC) implementation. Custom hardware 
optimization at a very detailed level would be 
allowed by translating the architecture from the 
existing FPGA-based system into an ASIC. This 

transformation would strip away much of the 
overhead and increase energy efficiency, thus 
making it appropriate to use on a commercial scale 
or in battery-powered applications. 

Table 3 presents a comparison between the 
proposed hardware-software co-design and 
software-only implementation. The results show that 
both configurations achieved the same classification 
accuracy, 99.33%. The model on FPGA hardware 
does not reduce or compromise its detection 
performance. However, there is a much reduction in 
inference time to 657 ms from a co-designed system 
when compared with 8212 ms with software 
running alone, representing a speed up of more than 
12 times. This therefore validates that achieving 
such real-time low latency accurately equivalent to 
that achievable in a software model can be achieved 
with an FPGA accelerator. 

 
Table 2: Resource utilization summary of the proposed 

LSTM hardware accelerator 
Resource Utilization Available Usage (%) 

LUT 3653 28,000 13.0% 
FF 3128 56,000 5.6% 

DSP 26 80 32.5% 
BRAM 37 140 26.4% 

 
Table 3: Inference accuracy and execution time 

comparison 
Configuration Inference accuracy Execution time 

HW-SW co-design 99.33% 657 ms 
SW only 99.33% 8212 ms 

 

Table 4 presents the comparison of the proposed 
CNN-LSTM hardware-software co-design with other 
existing FPGA-based epileptic seizure detection 
systems on the Bonn EEG dataset. The proposed 
design achieves 99.33% accuracy with moderate 
hardware utilization on a Zynq SoC, delivering 
computational efficiency together with classification 
performance. This is higher than those implemented 
previously by Rizal et al. (2022) and Jose et al. 
(2020), which used conventional feature extraction 
and machine-learning classifiers because hybrid 
CNN-LSTM leverages deep spatial-temporal learning 
and shows accuracy improvement with efficient 
resource usage. The results prove that this kind of 
co-design is applicable wherever medical 
applications are real-time and resources are a 
constraint. 

 
Table 4: Comparison of the proposed system with existing FPGA-based EEG classification implementations 

Reference Accuracy (%) LUT FF DSP FPGA device Classifier/model 
This work 99.33 3653 3128 26 Zynq SoC Hybrid CNN-LSTM 

Rizal et al. (2022) 90.74 5202 10,196 - Zynq SoC Hjorth descriptor + KNN 
Jose et al. (2020) 98.50 243 1084 16 Zynq SoC Extreme learning machine 

Sahani et al. (2021) 99.37 8764 - - Virtex-5 Reduced deep CNN + MKRVFLN 
Meddah et al. (2020) 98.67 3018 1980 162 Artix-7 DWT-PCA + SVM 

 

7. Conclusion 

The work presented in this paper implemented a 
hardware-software co-design CNN-LSTM model 
using Zynq-7000 SoC for real-time epileptic seizure 
detection. The proposed system runs the CNN layers 
on an ARM processor and accelerates LSTM and fully 
connected layers on an FPGA to achieve 99.33% 

accuracy with a 12× speedup in inference time over 
pure software implementation. It uses a timeshared 
hardware architecture where LUT, DSP, and BRAM 
usage are significantly reduced while maintaining 
real-time performance compared to other hardware-
based seizure detection implementations. Hybrid 
deep-learning architectures can be optimally run on 
embedded platforms for low-latency, reliable seizure 
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detection that is also highly amenable to further 
optimizations toward ASIC design as well as clinical 
integrations. 

List of abbreviations 

ANN Artificial neural network 
ARM Advanced RISC machine 
ASIC Application-specific integrated circuit 
AXI Advanced extensible interface 
BCI Brain–computer interface 
BRAM Block random access memory 
CAD Computer-aided design 
CNN Convolutional neural network 
CNN–
LSTM 

Convolutional neural network–long short-
term memory 

DSP Digital signal processing (block) 
DWT Discrete wavelet transform 
EEG Electroencephalogram 
ELM Extreme learning machine 
FC Fully connected 
FF Flip-flop 
FFT Fast Fourier transform 
FN False negative 
FP False positive 
FPGA Field-programmable gate array 
FSM Finite state machine 
GRU Gated recurrent unit 
HLS High-level synthesis 
HW–SW Hardware–software 
k-NN k-nearest neighbors 
LSTM Long short-term memory 
LUT Look-up table 
MAC Multiply–accumulate 

MKRVFLN 
Multi-kernel random vector functional link 
network 

ML Machine learning 
MLP Multi-layer perceptron 
PCA Principal component analysis 
PL Programmable logic 
PPV Positive predictive value 
PS Processing system 
QDA Quadratic discriminant analysis 
RF Random forest 
RNN Recurrent neural network 
ReLU Rectified linear unit 
SIMD Single instruction, multiple data 
SNN Spiking neural network 
STFT Short-time Fourier transform 
SVM Support vector machine 
SoC System-on-chip 
TN True negative 
TP True positive 
UART Universal asynchronous receiver–transmitter 

VHDL 
Very high-speed integrated circuit hardware 
description language 

XSG Xilinx system generator 
Zynq SoC Xilinx Zynq system-on-chip 
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