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Abstract—This paper presents an electrocardiogram (ECG)
signal classification model based on Recurrent Convolutional
Neural Network (RCNN). With recurrent connections and data
buffers, a single convolutional layer is reused to implement
multiple layers function. Using a S-layers CNN network as an
example, this approach reduces the number of parameters by
more than 50% while achieving the same feature extraction size.
Furthermore, quantized RCNN (QRCNN) is proposed where
the input signal, interlayer output, and kernel weights are
quantized to wunsigned INT8, INT4, and signed INT4
respectively. For hardware implementation, pipelining and data
reuse within the 1-D convolution kernel can potentially reduce
latency. QRCNN model achieved 98.08% validation accuracy on
MIT-BIH datasets with only 1% degradation due to
quantization. The estimated dynamic power consumption of the
QRCNN is less than 60% of a conventional quantized CNN when
implemented on a Xilinx Artix-7 FPGA, showing the potential
for resource-constraint edge devices.

Keywords—RCNN, Fixed-point quantization, FPGA, ECG
classification

I. INTRODUCTION

Early detection and prediction based on real-time
processing are critical to improving the quality of life for
patients with cardiac diseases. Cardiovascular diseases
(CVDs) such as heart failure and atrial fibrillation are the
leading causes of death globally [1]. Electrocardiogram (ECG)
is the gold standard for cardiac monitoring by measuring the
strength and timing of the electrical activity in the heart [2].
However, some cardiovascular events such as heart rate
variability (HRV) and atrial fibrillation are rare and not
predictable, which cannot be detected by regular health checks
[3]. Therefore, long-term ECG monitoring is necessary to
capture such patterns for further evaluation. Currently,
patients are required to wear a Holter monitor which sends
recorded data to the cloud for offline analysis. Wearing the
Holter monitor for long period may cause discomfort or skin
irritation, and the sensors can be interrupted by other
household appliances [4]. Thus, there is a rising need for
instant ECG prediction and classification solutions for shorter
diagnosis periods and greater comfort.

To classify a time-variant sequence such as an ECG signal,
the classifier needs to identify the key features from the data
series and map them to the respective pattern categories. There
are a few key ECG anomaly patterns illustrated in Fig. 1,
including Supraventricular premature beat (S), Premature
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Fig. 1. Ilustration of ECG signal with five key types of waveform pattern
(normalized).

ventricular beat (V), Fusion of the ventricular and normal beat
(F), and Unclassifiable beat (Q). Together with the Normal
beat (N), five categories suggested by the AAMI standard [5]
are required for meaningful ECG classification.

Many prior works focused on ECG signal processing,
through methods ranging from conventional analysis to deep
learning algorithms. For instance, [6] proposed a processor to
detect shockable cardiac arrhythmias with a sensitivity of 98%.
On the other hand, deep learning approaches, such as recurrent
neural networks (RNNs), have become increasingly popular
for ECG forecasting and classification. Long Short-Term
Memory (LSTM) [7] and Gated Recurrent Unit (GRU) [8]
have been shown to perform well for time-series data such as
ECG. Although RNNs can give real-time outputs, deeper
networks such as bidirectional LSTM are required to reach
high accuracy on practical ECG applications, making them
unsuitable for edge devices due to their high compute
requirements. A dynamically-biased LSTM is proposed in [9]
to improve classification accuracy with shorter window sizes
and fewer training parameters. Inspired by the visual-cortical
system, Convolutional Neural Networks (CNNs), both one-
dimensional (1D) [10-13] and two-dimensional (2D) [14-16]
have also shown good potential in ECG analysis. In 2D-CNN,
the ECG signal is converted to images and then perform image
processing. To obtain satisfactory results, large-scale deep 1D-
and 2D-CNN are required. For example, the 2D-CNN model
in [14] contains more than 10 million weight parameters and
requires huge computation power. While 1D-CNN [11]
includes multiple layers and results in high computation
latency. Therefore, it is highly challenging to implement deep
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Fig. 2. Block diagram for Recurrent Convolutional Neural Network (RCNN).

learning approaches such as RNN and CNN in resource-
constraint devices.

In this paper, an improved Recurrent CNN (RCNN) model
is proposed for energy-efficient ECG classification through
convolution layer reusing. Through recurrent connections, the
output from the first convolution layer is passed through the
same second layer four times, which reduces the number of
training parameters significantly. The overall network is
effectively reusing 2 convolution layers to implement
operations equivalent to 5 convolution layers. The Quantized
RCNN (QRCNN) model with reduced precision is suitable for
hardware implementation. The QRCNN obtained 98.08%
validation accuracy for 5-category classification with the
MIT-BIH ECG dataset [17] at less than 6600 parameters.
Pipelining within the convolution kernel supports QRCNN for
real-time processing and reduces latency in FPGA inference.
This paper is organized as follows: Section II introduces the
proposed model, fixed-point model truncation, and hardware
simulation. The results of ECG classification and
benchmarking are discussed in Section III, followed by a
summary in Section I'V.

II. PROPOSED MODEL

A. Model Architecture

The proposed RCNN ECG classification algorithm block
diagram is illustrated in Fig. 2. The model consists of five
layers, namely the input layer, two 1D CNN layers (Conv1 and
Conv2), one Fully Connected (FC) layer, and an output layer.
The input data only need to go through a single step of pre-
processing, that is min-max normalization shown in Fig. 1.
Compared to z-score normalization, min-max normalization is
easy to realize at the front-end level of the ECG signal
recording system. The ECG signal is isolated into heartbeat
segments based on Christov’s peak detection algorithm [18].
With time-series ECG, the 1D CNN is effective for examining
features within shorter segments of the overall dataset, where
the location of features within the segments is not of high
relevance [19]. As the size of CNN is highly related to the
input sequence length, the length of one full heartbeat is
reduced to half before sending to the Convl layer. Convl layer
extracts the single-feature ECG data into 32 channels with a
kernel size of 5 and without padding. The 32 features are then
sent to a recurrent block consisting of the Conv2 layer with
max-pooling for 4 times, which outputs the same number of
channels to feedback into the same Conv2 layer (same
weight). As our preliminary exploration indicated the optimal
network with 5 convolution layers, the recurrent count is set to
4 in the proposed solution to achieve equivalent result. The
max-pooling layer is the key component to reduce the size of
features, and padding is added to Conv2 to prevent features
from losing margin information.

The recurrent block provides several advantages. First, it
maintains high accuracy while simplifying the model. The
performance will degrade significantly if a larger stride and
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Fig. 3. Detailed diagram for QRCNN model, where orange, green and yellow
blocks stand for unsigned INTS, unsigned INT4 and signed INT4
correspondingly.

kernel of the max-pooling layer is set since too much
information is lost without feature extraction via the recurrent
Conv2 layer. Furthermore, the batch normalization layer can
be omitted since the training process of the recurrent block will
reduce the effect of internal covariate shift caused by multiple
different hidden layers. That is, each input will pass through
an equivalent of 6 layers, of which only 3 (Conv1, Conv2, and
FC) requires weight updates during training. At the same
time, it saves 70% of trainable parameters by reusing the same
Conv2 kernel four times, which will consume less memory
when implement on hardware.

After the recurrent blocks, the 32 short but essential
features are flattened and then go through a fully connected
layer for classification. The optimized RCNN for ECG
classification obtained total weight parameters of 5280 and
1280 for CNN layers and fully connected layers, respectively.

B. Fixed-Point Quantization

The weights in the Al algorithms are normally represented
in FP32. However, as the goal of this work is to implement the
algorithm in portable devices, quantization is required for all
weight parameters, inputs, and interlayer outputs. The detailed
QRCNN model is shown in Fig. 3, where three types of
quantization are applied to different data variables using
quantization-aware training (QAT). The input ECG signal is
truncated into unsigned INT8 since it has already been
normalized into 0 to 1. All the weights are binarized and
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Fig. 4. Schematic diagram for QRCNN with two 1D-convolutional cores involving pipelining. (left) Data flow in single Conv1D core, where red and blue
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TABLE I MULTI MODEL PERFORMANCE COMPARISON

Number of | Number of | Number of S .

. Validation | Weight

Topology CNN Recurrent | Weight Accuracy |Quantization

Layers Loops |Parameters A

CNN 5 0 21,920 99.40% FP32
QCNN 5 0 21,920 98.52% INT4
RCNN 2 4 6,560 99.10% FP32
QRCNN 2 4 6,560 98.08% INT4

quantized into signed INT4 with the same scaling of 0.0625
(2%), where all trainable parameters can only be selected from
15 choices from -0.375 to +0.375. Therefore, the restriction of
weight quantization can further reduce the problem of internal
covariate shift since gradient vanishing is limited by the lower
and upper bond of weights, which is an additional justification
for eliminating batch normalization. Moreover, biases are
removed from CNN kernels and fully connected layers since
the effect of adjusting the activation function did not
contribute to classification accuracy significantly [20].
Reducing bias can reduce the number of adders, benefitting
the convolution pipeline design, without affecting the scaling
of interlayer output. Since ReLU is followed by each Conv
layer, all interlayer outputs will be non-negative numbers. As
a result, the quantization for interlayer outputs is set as
unsigned INT4.

Inside the Conv Layer2 block in Fig. 3, the output
sequence length (L) is expressed as (1)

Lin - LkernelJ +1 (1)

Loyt = l S
pooling

where L;, is the input sequence length in Conv Layer2, Kemer
is the max-pooling kernel size which is set as same as Conv
kernel size and Spooiing 1s the stride of the max-pooling layer.

Thus, QRCNN is a fully quantized model trained through
QAT, which minimizes the degradation on edge devices. All
fine-trained weights are exported after software training and
are to be imported to FPGA memory.

C. Hardware Implementation

Based on the QRCNN architecture discussed in the
previous section, we estimate the performance of the
recurrent architecture on a Xilinx Artix-7 FPGA, whose
overall schematic diagram is shown in Fig. 4. Some of the
metrics of interest include the resource utilization and the
power consumption of the blocks, which are paramount in
realizing cardiac monitoring at the edge. The base unit for the
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Fig. 5. Block diagram for Recurrent Convolutional Neural Network.

convolution block is the 1D-Convolutional Core (ConvlD
Core) which calculates the output of the convolution between
the kernel and the input data. To reduce latency and resources,
a pipelining architecture is implemented for the ConvlD
Core based on the paradigms proposed by [21]. Fig. 4 (right)
shows the pipelining system used in ConvlD Core, where
each data point is fed in only once due to data reuse. Using
the same software architecture, the hardware architecture uses
only 2 Conv1D Cores.

Additionally, the kernel size in QRCNN determines the
multiply-and-accumulate (MAC) units as seen in Fig. 4, each
tied to the corresponding weight. During each clock cycle,
data is fed into all the MAC units, which will multiply the
data and the weight before summation. Once the convolution
data is ready for that cycle, the READY status will be
triggered; the FINISH status will be triggered when the full
convolution cycle consisting of n.: cycles has been
completed, where n,, is determined via (2). The in-built
buffer within each ConvlD Core allows the finished output
to be consolidated and serialized for the next core, while the
FINISH signal serves as the RESET signal for the next core.

nm+2p—kJ+1
s

(2)

where n;, is the input size, p is the padding size, & is the kernel
size, and s is the stride length.

Nout = l

III. RESULTS AND DISCUSSION

A. Simulation and Hardware Results

The performance of the proposed algorithm is evaluated
with the MIT-BIH ECG database which includes 48 sets of



TABLE III BENCHMARK TABLE

TBioCAS OJCAS ISCAS TBioCAS JBHI ISCAS TBioCAS This Work
2019 [11] 2021 [22] 2021 [23] 2022 [24] 2022 [20] 2023 [25] 2022 [26]
Dataset MIT-BIH MIT-BIH PTB MIT-BIH MIT-BIH MIT-BIH CHB-MIT MIT-BIH
Diagnostic
Topology CNN+MLP AE-ELM LSTM Binary CNN | CNN+MLP LSTM CNN RCNN
Features RR Interval RR Interval RR Interval | Binary Images| RR Interval RR Interval Coglizr;:aslsed RR Interval
No. of Weight 198,037 72,400 NA 65,729 8,157 8,608 ~16k* 6,560
Parameters
No. of Classes 5 2 2 2 5 5 2 5
o -
Validation 98.4% 92.0% 84.6% 97.3% 99.1% 96.7% 89.7% 98.08% | 99.10%
Accuracy (Software)
Weight INTS INTS INTI1 INT2 INTS INT4 INT3
Resolution
Activ-Function INTS INTS INTS INT2 INTS FP32 INT8 INT4 | FP32
Resolution
Interlayer Output| i pg INTS INTS INT2 INTS FP32 INTS
Resolution
Hardware Type MCU ASIC FPGA FPGA MCU FPGA FPGA FPGA
Clock Frequency NA 70MHZ NA 100KHz NA 40KHz 100MHz 100KHz
LUTs NA NA NA 2873 NA 3980 35631 1060
Registers NA NA NA 2104 NA 2376 8672 1825
Dynamic Power Normal: 400
) 141.4 2940 NA Abmommal: 3k 40 50 15

* Calculated based on information provided in paper.

TABLE II MULTI HARDWARE TOPOLOGY COMPARISON

. Dynamic | Total On-chip

Topology LUTs |Registers Power (uW) | Power (mW)
QCNN 1655 1854 25 91.025
QRCNN 1060 1825 15 91.015

30-minute-long ECG data. Each dataset contains both normal
and abnormal ECG features (N, S, V, F, Q) recorded with a
fixed sampling frequency of 360 Hz and 11-bit data resolution.

After pre-processing, the training, testing, and validation
dataset contains 80%, 10%, and 10% of the whole data,
respectively. Based on the same validation set, Table I shows
the model comparison between conventional CNN and RCNN
including quantized performance, while Fig. 5 shows the
confusion matrix of the QRCNN classification result. The
proposed RCNN model achieved similar accuracy as
conventional CNN but consumed less than 30% of CNN
training parameters. However, since the degradation due to
quantization is more sensitive to smaller weight sizes [27, 28],
the loss of accuracy of RCNN after model truncation is slightly
higher than the conventional CNN using (loss function).

Table II shows the estimated resource utilization for the
implementation of a different number of ConvlD Cores on
Xilinx’s Artix-7 at l00KHz with 4-bit precision. When using
the ConvlD Cores for QRCNN, the increase in resources
required for control is significantly less than the increase
brought by using more layers. Based on the comparison of the
proposed QRCNN and the conventional QCNN using 5 layers,
a 36% reduction in LUT is possible, with a 40% reduction in
power. While some basic pipelining has been implemented to
reduce resources and power, further optimization can be done
to further reduce the utilization and power. One potential
approach is to implement power gating such that the sparsity
of the kernel can be fully utilized for reduced power
consumption. More efficient MAC units and optimized
pipelining can potentially reduce the overall resource and
power footprint. Nonetheless, the significant reduction in both
resource and power when using the proposed QRCNN as

compared to the conventional QCNN approach demonstrates
the viability of QRCNN as the better architecture for hardware
implementation at the edge.

B. Benchmarking and Discussion

The performance of the proposed model is summarized
and compared with other state-of-arts in Table III. Both
software and hardware evaluation aspects are included in the
benchmark table. Compared to those designs implemented at
FP32 resolution, the proposed algorithm used one of the
smallest network sizes and achieved comparable accuracy.
This model is satisfactory with minimal pre-processing, which
proves the robustness of RCNN. [25] achieved 96.7%
accuracy under around 8600 trainable weight parameters with
INT4 quantization. However, sigmoid and tanh activation
functions in [25] are necessary logics in LSTM, whose
quantization will degrade its nonlinearity significantly. When
the model is fully quantized to INT4 instead of truncating
weight resolution alone, the accuracy only has minor
degradation of 1.02%. Together with layer reuse, the
pipelining dataflow causes higher dynamic power but reduces
the processing latency.

IV. CONCLUSION

In this paper, an ECG classification model based on RCNN
is proposed for resource-constraint edge devices. RCNN can
effectively extract the classification information with reduced
overall network computation complexity. The proposed
method achieved 99.1% accuracy for five categories of ECG
classification with the MIT-BIH database. The model is
further improved to a fully quantized model, QRCNN, and
reached 98.08% validation accuracy. Moreover, this model
consumed fewer hardware resources when implemented on
FPGA. The next step is to implement this real-time
classification algorithm in CMOS ASIC format to provide
ECG anomaly classification for continuous cardiac
monitoring. Furthermore, further analysis of latency could be
conducted on different devices to observe the effects of this
algorithm on the latency.
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