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An Energy Efficient ECG Ventricular Ectopic
Beat Classifier Using Binarized CNN for Edge
Al Devices

David Liang Tai Wong, Senior Member, IEEE, Yongfu Li, Senior Member, |IEEE,
Deepu John, Senior Member, IEEE, Weng Khuen Ho, Senior Member, IEEE
Chun Huat Heng, Senior Member, IEEE

Abstract— Wearable Artificial Intelligence-of-Things
(AloT) requires edge devices to be resource and energy-
efficient. In this paper, we design and implement an efficient
binary convolutional neural network (bCNN) algorithm
utilizing function-merging and block-reuse techniques to
classify between Ventricular and non-Ventricular Ectopic
Beat images. We deploy our model into a low-resource low-
power field programmable gate array (FPGA) fabric. Our
model achieves a classification accuracy of 97.3%,
sensitivity of 91.3%, specificity of 98.1%, precision of
86.7%, and F1-score of 88.9%, along with dynamic power
dissipation of only 10.5-pWw.

Index Terms— Atrtificial Intelligence-of-Things, low-power
design, wearable, field programmable gate array, ECG, co-
design, convolutional neural network, inference, fusion, state
machine

|. Introduction

ARDIOVASCULAR diseases (CVD) remain as the

leading cause of death according to the World Health
Organization [1]-[3]. Early detection of CVD via continuous
vital signs monitoring and preventive healthcare management
could potentially reduce complication and cost. In this regard,
a wearable electrocardiogram (ECG) device can aid in
arrhythmia detection, such as the ventricular ectopic (V) beat
that originates from the ventricles, disrupting the regular heart
rhythm [4], [S]. However, commonly deployed Holter devices
for ECG recording require manual classification and is labour
intensive.

Recently, there has been growing interest in Artificial
Intelligence-of-Things (AloT) for both wearable and healthcare
applications [6]-[13]. Nevertheless, to realize intelligence at the
edge entails trade-off between model complexity, inference
accuracy, computing resources and power consumption [14]—
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Fig. 1: Overall design of the bCNN model

[18]. In this paper, we attempt to incorporate such ECG
anomalies detection at the edge device.

An ECG anomaly detection algorithm have been reported in
[19], [20]. However, the algorithm requires statistical
knowledge of the signal and domain expertise to determine the
key parameters for the model. Furthermore, the implementation
is demonstrated on PC or high-end FPGA instead of low-power
wearables. Machine learning has also been deployed in these
regards. However, domain expertise is often needed for feature
engineering, and to improve the detection accuracy [21]-[24].

The 1D and 2D CNN deep learning model for ECG
classification eliminates the need for feature selection and has
shown promising results [25]-[27]. However, 2D CNN is
gaining traction over 1D CNN in terms of robustness during
ambulatory along with better spatial awareness due to an
additional dimension and the ability to perform feature
enhancement [28]—[32]. Nevertheless, deep learning models are
computationally expensive. A model with 2 to 3 convolution
layers for ECG classification requires 1M to S0M MAC
operations [31], [33]-[36].

In this work, we propose a binarized 2D CNN to reduce the
computational complexity. This allows the multiplication to be
simplified with simple XNOR logic. However, bCNN requires
us to first convert the ECG samples from ADC into binary
images. In this work, we employ a software method to convert
ADC samples into binary images, as our focus is on the
simplified anomaly detection problem. Likewise, it should be
noted that we can also implement the ADC to image conversion
using hardware. We also propose a novel function-merging and
block-reuse techniques for complexity reduction of the bCNN,
such that it can be implemented in a compact field
programmable gate array (FPGA). This would also aid in
reducing the total power consumption.
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This paper is organized as follows. Section II outlines the
methodology and algorithm of the experimental setup. The
overall hardware architecture is discussed in Section III. The
results are then compared against other works in Section IV.
Finally, we conclude our work in Section V.

Il. METHODOLOGY AND ALGORITHM

A. Model Design and Test

The Massachusetts Institute of Technology — Boston’s Beth
Israel Hospital (MIT-BIH) Arrhythmia Database is used to
assess the performance of our model. It contains 48 records,
digitized at 360 Hz per channel with an 11-bit resolution with a
maximum signal amplitude of 10 mV [37].

As shown in Fig. 1, our bCNN model contains a merged
convolution+pooling layer, and 2 fully-connected dense layers
(Densel and Dense2). Binary hyperbolic tangent activation
function (bTanH) is employed for both bCNN and Densel layer
while sigmoid activation function is used in Dense2 layer. The
bTanH activation function seamlessly provides binary output
for the subsequent input layer, which simplifies the
multiplication operation (XNOR) for subsequent layer.

We evaluate our bCNN using Python with Keras library on a
2.50 GHz Intel Xeon with 128 GB memory along with Nvidia
GTX 2080 GPU. During training, the batch and epoch size are
set to 2048 and 10000, respectively. Adam optimizer is chosen
with starting and ending learning rate of 102 and 10
respectively. The same training parameters are used on different
models. The weights containing the lowest loss rate is stored
and then ported to FPGA for inference on our proposed edge
device.

The ANSI/AAMI EC-57 testing standard is used in our
methodology to classify ventricular ectopic (V) beat from other
classes such as non-ectopic (N), supraventricular ectopic (S),
fusion (F) and unknown (Q). The model utilizes the first 5
minutes of each record for training. The test datasets are taken
from 11 records (200, 202, 210, 213, 214, 219, 221, 228 231,
233 and 234). The total number of V and non-V beats are 8554
and 77916, respectively. Given the imbalance of V beat class,
it is resampled from the training set to avoid bias during
training. In this paper, each ECG beat is converted into binary
image tagged with its respective label, where V beat is assigned
as class 1 and the rest as 0. The binary image is generated from
ADC samples via a translator as shown in Fig. 1. In this paper,
the translation is done using software. The software based
approach allows the generation of image with various sizes to
optimize the bCNN model.

B. Samples To Binary Image Conversion

The main purpose of converting ECG samples into binary
images is to leverage on bCNN algorithm and eliminate the
need for feature engineering. Given that the MIT-BIH has R-
peak annotated for each ECG beat, we took 55 ECG samples
around the R-peak (22 and 32 samples on the left and right of
R-peak) [38]-[45]. The Python 3 programming language and
the open-source OpenCV?2 library are then employed to convert
the samples into an image. A 256x256 8-bit RGB image is first
obtained by up-sampling the columns and re-scaling the rows.
We enhanced the resolution from 55 to 256 by interpolating the
missing samples to avoid stair-case connection and connect the
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Fig. 2: A template resolution (256x256) of a V beat resized into smaller
resolution of rows and columns
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Fig. 3: A template resolution (256x256) of a non-V beat resized into smaller
resolution of rows and columns
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Fig. 4: F1-Score using the multi-size image as input into the bBCNN
network
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upscale ECG signal. Then, we re-scale the samples vertically,
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where all morphologies are scaled accordingly. These
operations are done by amplitude normalization where all
samples are subtracted against the lowest value and then
divided by the largest value. Following that, the samples are
scaled by 256. Through scaling, the prominent R-peak is also
enlarged which helps to improve the classification accuracy.
To reduce the image size, we rasterize the image into 8-bit
greyscale. The resulting image will form the basis template for
the study of our bCNN model with different image sizing
(20%20, 16x16, 16x20, 20x16, 10x8, etc). To generate binary
images of various pixels, each grayscale pixel is then compared
against a threshold. Fig. 2 shows the 256256 template image
with V beat, and various resized images on the right. Fig. 3
shows the images corresponding to non-V beat. The various
resized images allow us to study their impact on classification
accuracy and model complexity.

C. Design Space Exploration And Target Hardware

Using the 2D images generated, we explore the model
complexity by exploring the required number of convolution
filters {32, 16, 8, 4, and 2} and the number of nodes needed for
Densel layer {65, 33, 17,9, 5, 3}. Binary networks are known
to be notoriously hard to train [46], [47]. Thus, we perform a
Monte Carlo simulation with various settings (Image sizing,
number of convolution filters, number of nodes for Densel) and
pick the model with the best Fl-score. Due to the highly
imbalanced dataset of ECG, F1-score is used as the evaluation
metric [48].

As shown in Fig. 4, x and y-axis indicate the number of
column and row pixels while the number of convolution filters
and nodes in Densel layer are indicated within the square
bracket [M, N]. We noted that higher F1-Score is observed at
the top-left corner with larger number of column and row
pixels. The F1-score degrades towards the bottom-right corner
with reduced number of column and row pixels. This is
expected as larger image size contains more input information
to attain better F1-score. However, it is not straightforward to
deduce Fl-score relationship to the number of convolution
filters and number of nodes in Densel layer from Fig. 4.
Nevertheless, it can serve as a rough guide for choosing the
model. Two models are chosen based on performance and
power, which is indicated in green.

As shown, our first chosen better performance (BP) model is
based on image size of 16x20, which gives rise to the best F1-
score of 91.7% along with accuracy, train and validation loss of
98.0%, 0.03 and 0.09. Our second chosen low power (LP)
model is based on image size of 10x10, which only requires 32
convolution filters and 17 nodes for Densel layer while
attaining decent F1-score of 86.8% along with accuracy, train
and validation loss of 97.0%, 0.20 and 0.22.

By having BP and LP models, we can reconfigure the edge
device to trade-off F1-score with power consumption. In this
work, the Lattice Semiconductor’s ultra-low power iCE40
UltraPlus iCE40UP5k is chosen as the target FPGA for our
wearable edge IoT device [49]. It has a small footprint, which
contains only 5k 4-input lookup tables (LUT) and registers
(REG). The pre-trained weights are stored in the 120 kbits of
EBR SRAM embedded within the FPGA.

I1l. OVERALL HARDWARE ARCHITECTURE

Our bCNN model can be classified into three main parts.
They are finite state machine (FSM) for orchestrating and
controlling modules, a function-merging block that combines
binary convolution with pooling (bCONP), and a fully
connected binarized dense network for output classification.

A. Finite State Machine (FSM)

The FSM is responsible for triggering various modules
within the bCNN in sequence and ensuring signal transfer
between modules. It contains 5 states, i.e. RDY, CONP, DENI,
DEN?2, and FIN as illustrated in Fig. 5. The transition begins
with PowerOn in green and the main transition pathways
between states are indicated by the blue arrows. During RDY
state, all registers within the system are initialized. At this point,
the state machine monitors the RDY flag and transitions into
CONP when RDY flag is set to 1. When CONP is active, the
function-merging block (bCONP) will continue to execute
(EXEC) the convolution and pooling operations. With CONP
flag set to 1, CONP state will transition into DENI1 state to
perform the subsequent multiply-accumulate (MAC) operation.
Similar routine is repeated for DEN2 state.  Finally,
classification is done at FIN state. Once FIN flag is set and
‘Complete’ interrupt signal is asserted, the whole procedure is
repeated for the next inference cycle.

B. Function-Merging Block (bCONP)

In a CNN architecture, the input samples are convolved with
a 3x3 filter to form a single output sample of the feature map.
This is then followed by a 4-input 2x2 max-pooling for down-
sampling, which results in a single bit output. By examining the
convolution and max-pooling operation in details, it is found
that the required data by max-pooling functions depends on the
4-neighboring 3x3 convolutional filters output. With bCNN,
the 4-neighboring 3x3 convolutions and subsequent max-
pooling can be merged into a single combinational logic
operation (bCONP). There are 3 main advantages. Firstly, it
eliminates the intermediate registers and saves the resources.
Secondly, with the reduced registers, register-only datapath can
be implemented, eliminating the constant exchanges between
the datapath and SRAM for intermediate result storage. This
also reduces the number of operation clock cycles, and
eliminates logic needed for synchronization. Finally, the
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Fig. 6: Fusion of convolution to pooling layer on a 6x6 binary image [17]
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Qe& = DT° registers. For subsequent cycles, the bCONP operation is
= ] "E 3 3 Notorort applied to different 4 neighboring 3%3 pixels along the row and
i b é’ > % > ";E, — column directions depending on the stride. In the example
X - 3 2 X = L shown, stride of 2 is illustrated. Overall, the number of clock
= cycles is reduced by 4x with bCONP compared to conventional
1b- 1b- 1b- 1b- approach
CxR (C2x(R2XF  ((C2)/(PCx  ((C-2)/(PC)x .
Step 2 ((R-2)/(PR)xF  ((R-2)/(PR))xF To determine the number of registers saved, we examine the
Q> DeT:se detailed RTL implementation as shown in Fig. 7. In
= T 3 [ Network conventional model, the ‘MAC’ block requires regBConv
i * 2 ¥ % - registers, regThreshold registers to store the thresholds, and
X L L regPool and regFlat registers for pooling and flattening,
™ ” ™ respectively. The amounts of registers needed can be estimated
Legend: xR (C2/(POx  ((C-2/(PC)x psing (1) to (3), Where C, R, PC, and PR represents the size of
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4 Block Derse respectively.
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Q>“e““e” E ¢ 3 Threshold = 1x (C—2) x (R—2) xF (2
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To Merge 1b- 1b- regPool = regFlat =1 X (g) X (E) xF  (3)
R ((C-2/(PO)x i PR
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Fig. 7: Register optimization by merging regBConv, regThreshold and
regPool into CONP + Flat

bCONP processing element (PE) can be reused as it strides
through the entire binary image. This leads to better energy and
resource efficiency at the expense of latency. With the low
sampling rate of ECG signals, faster system clock can be
employed to overcome the latency issue.

The cycle-by-cycle walkthrough of the proposed
function-merging bCONP is illustrated in Fig. 6. During the
first cycle, a combinatorial binary multiply and accumulate
(cbMAC) is used to perform 3x3 pixels convolution with the
first convolution filter (CF1). A two-input 9-bit XNOR
performs the multiplication while the summation is done
through a population count (popcount). The resulting output
from the popcount is then fed into bTanH activation function.

With bCONP, these registers can be eliminated. The detailed
estimation of the number of registers required, clock cycles, and
others are given in Section IV.

C. Binarized Dense Network

The direct implementation of a fully connected dense
network would require an XNOR engine per input neuron along
with its corresponding weights of the target output neuron. This
will lead to a large number of XNORs following the
convolution. To reduce the resources required, we propose
bDense processing element containing a single accumulator
located at each output neuron along with two circular buffers
containing the inputs and their corresponding weights. The
concept is illustrated in Fig. 8 with only 4 flatten neurons, 2
Densel neurons, and 1 Dense2 neuron. In the example, for
Densel layer, an array of registers (red) is used to store 1-bit
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Fig. 9: Overall bCNN architecture containing the combinatorial and sequential block for binary image classification

binary weights between each input and the first output neuron.
Similarly, another array of registers (green) is used for the 2nd
output neuron. The size of the array is the same as input neurons
(cyan) shown on top. Instead of performing MAC for all input
neuron at one go, operation on only one input neuron is
performed with the result stored at the output accumulator.
After each operation, both the input (cyan) and weight (red and
green) registers are right shifted to perform operation on next
input neuron. By cycling through all input neurons, the output

accumulators will contain the equivalent result from single
MAC operation on all input nodes. The bTanH activation
function can then be applied to determine the two 1-bit Densel
neuron output (Orange and purple). Similar concept is applied
for Dense2, with the difference that sigmoid activation function
is used instead. With these approaches, only single XNOR per
output neuron is needed, which significantly reduces the
resources and routing parasitic and leads to lower power
dissipation.
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ALGORITHM 1: 2D CONP on 1D CCB

ALGORITHM 2: Dense Circular Buffer

Input: load, flattenBinEcglmage
Output: 1D circular buffer

BR « Obtain the 1D index of the top-left 4x4 bCONP filter while the
filter is at the bottom right of a 2D image

RM « Obtain the 1D indexes of the top-left 4x4 bCONP filter while
the filter is on the right most of a 2D image

if load then // Begin synchronous block with priority
Initialise 1D circular buffer with flattenBinEcglmage
Initialise count to 0
else if (count equals BR) then
Rotate registers back to its origin
Initialise count to 0
else if (count does not exists in RR) then // Yet to reach end of
column (Y)
Rotate 1D circular buffer by 2
Increment count by 1
else if (count exists in RM) then // End of column (Z), shift by
COLUMNS + FILTERWIDTH
Rotate 1D circular buffer to point to the start of the next 2 rows
(imaginary 2D)
Initialise count to 0
end if // End synchronous block with priority

Fig. 10.: Algorithm of 2D CONP on 1D CCB

D. Block Integration

The overall RTL block-level bCNN architecture is shown in
Fig. 9. It consists of an input layer for buffering the input image,
bCONP Topology for convolution and pooling, Memoryl for
storing bCONP output and pre-trained weights of the fully
connected binary Densel (bDensel) network, Memory2 for
storing the bDensel output and pre-trained weights of the fully
connected binary Dense2 (bDense2) network, and a bCNN
finite state machine (FSM) to coordinate various blocks within
bCNN.

The input block consists of an x-bit Convolution Circular
Buffer (CCB) where the x-bit refers to the number of input bits.
It can be configured for BP model (320-bits) and LP model
(100-bits). The main role of the CCB is to store and rotate the
buffer based on the input needs of bCONP as described in
Section III.B. The algorithm is shown in Fig. 10. The 4-
Convolution Block Selector selects the desired 1D-registers and
rearranges it into a 2D-register. As it only involves indexing, no
additional registers or clock cycles are incurred. With this
arrangement, it is the input image that strides through the
convolution filter. However, the result is identical to
conventional implementation where the convolution filter
strides through an image.

Each bCONP PE is shaded with a green background
containing four 9-bit XNOR, four 9-bit parallel adders, four
comparators, and one 4-input OR gate. Given the low
complexity of the bCONP block, it can be easily duplicated
depending on the desired number of convolution filters. For
16x20 and 10x10 binary images, it takes 63 and 16 cycles,

respectively, to complete. The cycles are estimated as follows:
ROWS-2 _ COLUMNS-2
d 4)

2
The results generated from the bCONP PE are stored in the
Densel Circular Buffer 1 (D1CB). The D1CB is constructed to

Cycles =

Input: enable, load, binaryData
Output: First data index of 1D circular buffer

if enable then // Begin synchronous block with priority
if load then
Initialise 1D circular buffer with binaryData
else
Rotate 1D circular buffer by one
end if
end if // End synchronous block with priority

Fig. 11.: Algorithm of DCB for Densel and Dense2

TABLE |
THEORETICAL PERFORMANCE OF OUR MODELS
© Type/ Weight bMAC Clock
‘('/;; Layer OP NODES (Bits) OP REGs Cycles
Conven. . .
bCNN 402 65729 101873 21168 252
Our BP
Q | Input 320 - - 320 -
& | CONP 16 144 36288 1008 63
—
DEN1 65 65520 65520 715 1008
DEN2 1 65 65 8 65
IMPR - - - 21.0x* 4.0x*
Conven. .
bCNN 150 9009 27153 10752 64
Our LP
= Input 100 - - 100 -
X | CONP 32 288 18432 512 16
—
DEN1 17 8704 8704 170 512
DEN2 1 17 17 6 17
IMPR - - - 21.0x! 4.0x!
! Improvement based on CONP layer only
OP = Operations
IMPR = Improvements
Predicted Predicted
BP LP
0 1 0 1
46636 888 0 | 47012 512
Actual Actual
553 5795 1 1232 5116

Fig. 12.: Confusion Matrix of BP and LP

fit the output from each bCONP to simplify the subsequent
flattening operation.
In bDensel, the number of PE is determined by the number
of output nodes, indicated as the shaded blue region in Fig. 9.
The D1CB will rotate based on the number of input nodes in the
flatten layer according to algorithm shown in Fig. 11. Hence, it
will take the same number of clock cycles as the number of
flatten nodes to complete the whole MAC operation. As the
output node needs to store the summed result, the number of
bits (K) required for output register can be estimated as follows:
K = Ceil(log, (x)) (5)

where x is the number of flattened input nodes. At the final
cycle, the accumulator output will be sent to bTanH activation



Wong et al.: An Energy Efficient ECG Ventricular Ectopic Beat Classifier Using Binarized CNN for Edge Al Devices 7

F1-Score Difference

20 | -26% -3.4%
16 = -3.2% 4.1% 6.3% 2.5%
g 12 -2.4% -3.4% -5.6% 4.8%
[}
0@
[}
> -—8
e 10 -3.9% -1.9% 4.4% -1.9% B31% -11.1%
8 -28% -5.2%
6 -26% -3.6%
20 16 12 10 8 6

Image Columns

Fig. 13.: Difference of F1-Score between greyscale-floating engine vs

bCNN
FP Case FN Case

BP

Fig. 14.: FP and FN cases for both bCNN and float-greyscale engines

function to determine the binary output needed for Dense2.
Similar operation is performed for bDense2.

IV. IMPLEMENTATION AND RESULTS

A. Algorithm Accuracy and Model Complexity

The bCNN model is evaluated against other works using
standard metrics, such as accuracy (ACC), sensitivity (SEN),
specificity (SPE), positive predictivity (PPR), and are defined
as follows:

TP+TN

Accuracy = rrnerrrm ©)
Sensitivity = TPIFN @)
Specificity = TNT:IFP ®)

Precision = TPT+PFP 9
2XTP

F1—score = ———— (10)

where TP, TN, FP, FN are true positive, true negative, false
positive, and false negative, respectively.

Based on the methodology outlined in Section 11.B for
model selection, the corresponding model parameters for BP
and LP models are tabulated in Table I. Compared to
conventional bCNN implementation, our BP and LP models
achieve 21x improvement in register saving while reducing the
number of clock cycles by 4x. The performance metrics for our

TABLE Il
COMPARISON OF EVALUATION METRICS
ETCI TBME TBCAS our our
V Beat 2010 2016 2019 BP Lp
[51] [33] [35]
ACC 97.7 99.0 98.8 97.3 96.8
SEN 85.8 93.9 85.6 91.3 80.6
SPE 98.7 98.9 99.8 98.1 98.9
PPR 86.6 90.6 96.8 86.7 90.9
F1 86.2 92.2 90.9 88.9 85.4
BP = Better Performance
LP = Low Power
TABLE Il
PERFORMANCE OF OUR MODELS FOR TARGET FPGA ICE40UP5K
Dynamic
REG Clock Power @ Total Power
Model iy “UTS  Cycles  100KkHz )
(LW)
BP 2104 2873 1141 26.6 404.4
LP 855 1210 550 10.5 227.3
IMPR 2.5% 2.4x 2.1x 2.5x 1.8x

proposed models is derived from the confusion matrix of Fig.
12 and are compared against others in Table Il. As shown, our
BP results are comparable to other reported hardware
implementation. Although our LP results are slightly poorer,
the model complexity is much reduced compared to BP model
as shown in Table Ill. Both models are implemented with
iCE40UP5k FPGA. As shown, our LP model in general achieve
2x improvement in both power and hardware resources
compared to our BP model.

We also conducted a study to observe the variation of
classification accuracy between our bCNN implementation and
non-resource aware implementation containing greyscale input
with floating-point engines. In Fig. 13, it is found that there is a
slight performance degradation as highlighted in green in F1-
Score, about -0.4% and -1.9% for BP and LP, respectively.

Furthermore, we also conducted another study to observe
failure cases, FP and FN, by our BP and LP classifier. On the
left column of Fig. 14 (Record 202, Beat 688), FP happens
because the image appears to have wide QRS complex. On the
right column (Record 200, Beat 1741), the FN case is due to the
classifier observing narrow QRS complex. To validate that this
is not a binary input or engine issue, we also observe similar
classification output for greyscale input with floating engines.

B. Algorithm Complexity

We also compare our algorithm complexity with other
reported ECG anomaly detection works employing CNN in
Table IV. Most are employing 1D-CNN with 8 to 11-bit input
resolution and larger input size. In addition, floating point
multiplication is employed.

For CNN, the key operation is MAC. As shown, our BP
and LP models require the least number of MAC operations,
achieving 7.3x and 27.6x reduction for BP and LP,
respectively. This is despite the fact that 2D-CNN is employed
in our model, which usually is much more computationally
intensive. This is clearly evident by comparing [31] which
employs 2D-CNN with other 1D-CNN. The required MAC is
about 60x more. The achieved reduction in MAC operation for
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TABLE IV
COMPARISON OF COMPUTATIONAL COMPLEXITY OF CNN ALGORITHM FOR ECG CLASSIFICATION
TBME 2016 ACCESS 2019 TBCAS 2019 IRBM 2021
[33] [34] [35] [31] Our BP Our LP
Convolution Type 1-D 1-D 1-D 2-D 2-D 2-D
No. of Convolution Layers 3 2 2 3 1(2x) 1(2x)
Input Sample Resolution 11-BITS 11-bits 11-bits 8-bits 1-bit (18x%) 1-bit (18x%)
No. of Input Samples 512 200 400 64%64 16x10 10x10 (42x)
No. of Kernels 64 96 48 170 16 (I13%) 32 (11.5%)
Largest Kernel Size 1x15 1x5 1x15 2x2 3x3 3x3
No. of Fully Connected Layers 2 2 2 2 2 2
Activation N. A ReLU N. A. ReLU bTanH bTanH
Output Classes 5 4 5 5 2 2
Multiplication Precision float-32 float-32 float-32 float-32 1-bit (132x) 1-bit (132x)
101,873 27,153
1 1 ) 1
No. of MACs 929,650 1,289,312 749,620 58.1 M (17.3) (127.6x)
ACC (%) 98.9 99.8 98.4 99.7 97.3 96.8
1The value is estimated based on the model, | = decreased by, 1 = increased by
TABLE V
FPGA PERFORMANCE EVALUATION FOR NEURAL NETWORK BASED BEAT CLASSIFICATION
TBIOCAS NCA ISCAS
Type 2020 [14] 2020 [52] 2017 [50] Our BP OurLp
Technology (ASIC/FPGA) Zyng XC7Z020 Artix7 Zyng XC7Z020 iCE40UP5k
Multiplication Precision 24-bit Fixed Point 1-bit (124x) 1-bit (124x)
Network Type Multi-layer Perceptron 2D-CNN 2D-CNN
_ s rpic22 P19
Network Size Hlddo‘iﬂ- ﬁtz (§L 16 - I;Ldtdirt\f Dense1:65 Densel:17
put: put: Qutput / Dense2:1 Output / Dense2:1
Inherent Feature Extractor X X X v \
DSP Blocks 0 214 32 0 0
LUTs 5,269! 7,298! 1,932 2,8732 1,210% (11.6x)
REGs (bits) 1,331 2,474 1,926 2,104 855 (11.6%)
SRAM (bits) 5,8624" - 2112 65,585 8721
Max. Frequency (MHz) - 98.2 100 29.9 32.2
Max. Giga OPS - - 0.067* 38.3 (1571.6x) 82.4 (11,229.8%)
Clock Cycles Per Classification - - 99 1141 550
Operating Clock (Hz) - 98.2 M 100 M 100 k 100 k
404.4 227.3
- - 3
Power (LW) 124,000 (1254.7 FPGA) (1453.1x FPGA)
Energy Per Classification (nJ) - - 122.8 320.6 62.5 (12.0x)
ACC (%) 99.7 95.0 99.8 97.3 96.8
Output Classes 5 2 2 2 2
Size (mm2) 13x13 15x15 13x13 2.15x2.55 (130.8x)

1 6-input LUT, 2 4-input LUT, 2 Taken from thesis by the same author on the same work, * Estimated based on model parameters, OPS =

Operations Per Second, | = decreased by, 1 = increased by

our proposed BP and LP is the key that allows us to implement
the whole CNN algorithm on a compact FPGA. However,
lowering computational complexity and resources comes at a
cost of reduced accuracy.

C. Hardware Resource Usage

We benchmark our work with other hardware-based ECG
anomaly detection implementations in Table V. It should be
noted that our adopted FPGA is the most compact one with size
of only 2.15x2.55 mm?2. In addition, we are also the only one
that leverage on 2D CNN, which eliminates the need for feature
engineering for FPGA implementation. Other hardware-based
works adopt multi-layer perceptron (MLP). Hence, significant
feature engineering might still be needed to achieve good

classification metrics, which is not included in their
implementations.

In terms of LUT and register usage, our LP achieves at least
1.6x saving compared to others. It should be pointed out that
our BP and LP models do not need DSP for fixed-point
arithmetic, which is usually computationally expensive.

For power consumption, our BP and LP models only
consume dynamic power of 26.6 and 10.5-uW at 100 kHz clock
in theory. Unfortunately, there is large static power due to
transistor leakage. Hence, in practice, our BP and LP models
consume 404.4 pW and 227.3 pW, respectively. Nevertheless,
these number is still about 250 to 450x lower than others. In
contrast, the larger FPGA employed by other works due to their

higher resource requirement (DSP, LUT, registers) suffers from
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much higher static power. In terms of energy per classification,
our BP and LP model consume 320.6 nJ and 62.5 nJ per
classification, respectively. The LP model is about 2x more
energy-efficient than [50].

Although our BP and LP model are binary classifiers, we
also extended the number of classification classes to 5 while
operating at 100 kHz to understand the power behavior. It is
found that the incremental power is minimal, at 1.397 puW and
892 nW for BP and LP, respectively.

Although only bCNN is presented in this paper, a complete
end-to-end pipeline requires 3 additional stages prior to the
bCNN classifier, which is a) the ECG AFE for DC blocking,
anti-aliasing filtering, dynamic range alignment and signal
buffering, b) QRS detector, c) sample to image converter. With
reference to the ECG-On-Chip with QRS detector [1], the AFE
consumes 0.75 uW and the digital QRS detector consumes 1.5
UW, whereby both engines require 5.74 mm?2. As mentioned,
we have proposed and implemented a hardware-based sample
to image converter to facilitate the usability of the proposed
bCNN architecture in real-life scenario. The result shows that
the accuracy of classification does not vary much and the
estimated number of additional MACs required for image
conversion is about 14~28 k for LP and BP, respectively, which
corresponds to 1.9~3.6x lesser MAC than its bCNN
counterpart. However, after the addition of the hardware image
converter, the total number of coefficients in the SRAM has
increased by 4.4~13.9x for BP and LP, respectively. Both
hardware image converter and classifier can fit within the 5k
LUT of the FPGA fabric for both BP and LP configurations. In
terms of dynamic power, there is about an additional 25~30 pW
of power consumption for BP and LP, respectively. The static
power remains similar for BP but increases significantly for LP,
probably due to more activated LUTs and additional memory
nodes for coefficients. As mentioned, the static power can be
reduced significantly with ASIC implementation.

V. CONCLUSION

In this paper, we proposed a compact bCNN model for ECG
anomaly detection at the edge device. Within the bCNN, we
propose function-merging and block-reuse techniques, which
lead to significant resource and power savings. In our
implementation, our BP model achieves comparable
classification metrics compared to other works while LP model
is more resource and power efficient. The BP and LP model can
fit into a compact FPGA containing only 5k LUTs and REGs
while achieving dynamic power consumption of 26.6 and 10.5-
MW, respectively.
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