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than the first ones [45]. The higher risk associated with recurrent heart attacks requires continuous monitoring
of those patients. Moreover, 1 out of 5 heart attacks is silent where victims are unaware of the damage [1]. And
the mortality rate significantly increases by 41-62% if the treatment is delayed for more than 2 hours from MI
initiation [18]. The aforementioned facts necessitate the real-time monitoring and detection of MI. Currently, most
of the monitoring takes place in a clinical environment with bulky medical equipment which lacks portability.
Therefore, wearable devices represent a more convenient solution for continuous monitoring on a daily basis.

Besides, a real-time monitoring solution using wearable devices enables physicians to keep track of their
patients’ health remotely. Currently, wearable device solutions for mobile health follow a cloud computing
architecture where the raw data from wearable devices is offloaded to fog (mobile phones) or cloud (remote
servers) where all the processing takes place [34]. This offloading consumes a huge amount of communication
energy which reduces the battery life of wearable devices, as well as mobile phones [26]. In addition to that, it
also introduces latency which hinders the real-time monitoring and detection in healthcare applications [40].
Moreover, offloading the raw data to a mobile phone or cloud makes the users’ data vulnerable to privacy breaches.
To overcome these aforementioned limitations, the ‘Edge Computing’ [23] paradigm has gained momentum in
recent years where all the processing is done on the wearable devices and only the analyzed results are sent to
the cloud for remote monitoring. Thus, it addresses the aforementioned issues related to energy consumption,
latency, and vulnerability of privacy breaches.
The designed algorithms for wearable devices should be energy-efficient, memory-efficient, and provide

acceptable performance within the previous two constraints. State-of-the-art works on MI detection are not
wearable device compatible as they prioritize performance and do not consider the other two constraints. They use
complex machine learning [4, 37, 38] and deep learning algorithms [3, 27, 30, 33, 39] to achieve high performance.
Machine learning algorithms perform classification based on the extracted features from the data. However, the
feature extraction processes are often time-consuming and require a huge amount of energy. Deep learning
algorithms like Convolutional Neural Networks (CNN) do not require manual feature engineering and extraction
as they automatically extract features through convolution. Moreover, the layered architecture of CNN provides
flexibility to design a network by adding or removing layers as necessary in the training phase. Later, this
architecture may be used to classify data during the inference phase. However, the full architecture from the
training phase may not be needed at the inference phase as many of the data can be correctly classified using only
the first few layers of the architecture. This early exit capability of CNN should help to avoid redundant operations
during the inference phase leading to energy efficiency for wearable device solutions while maintaining the
performance.

1.1 Motivational Example

We conducted a small experiment to demonstrate the advantage of the early exit CNN architecture. We have
created a multi-output CNN architecture with 2 convolution blocks and 2 output blocks. One output block is
used after each of the convolution blocks to allow the early exit after any convolution block at the inference
phase. Each convolution block consists of one convolution layer, one pooling layer, and one batch normalization
layer. The details of the multi-output CNN architecture are provided in Section 3.2.1. Throughout the rest of the
paper, the first output block (FOB) is used to represent the CNN architecture that exits after the first convolution
block. The second output block is considered as the baseline1 architecture that exits after the second convolution
block. 5-fold cross-validation of the multi-output CNN architecture is performed with 62306 heartbeat segments
extracted from 200 patients of the PTB diagnostic ECG database [7]. Figure 1 shows the blockwise statistics of
the first and second output block. As demonstrated in Figure 1, the FLOP counts, execution time, and energy
increases as performance increases from the first to second output block. We choose the second output block

1Baseline architecture uses full architecture. No dynamic model compression techniques or early exit strategies are applied to it
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the decision function makes the exit decision. Generally, this kind of decision function is extremely lightweight,
energy-efficient, and suitable for wearable devices. However, a substantial number of misclassified segments can
cause a significant performance degradation compared to the baseline, given how the classification confidence
at the earlier layers can be misleading, as will be demonstrated later in Section 5.2. Authors in [6] proposed to
overcome this problem by using another machine learning model as the decision function. The use of the machine
learning models as the decision function is suitable for deep architectures (with tens to hundreds of layers) for
the projected computational gains. However, it is not suitable for wearable devices as the decision function’s
computational overhead may be comparable to the compact baseline classifier of the wearable devices. Moreover,
state-of-the-art early exit strategies follow a brute force approach in which the decision function is invoked for
every potential exit point that succeeds each convolution layer. Such needless invocations may lead to extra
computational overheads if the majority of the input data segments eventually require to be processed by the
baseline model. The aforementioned limitations prevent the state-of-the-art early exit strategies to be adopted for
wearable device solutions for MI detection. Therefore, in this paper, we introduce an output block selector (OBS)
as our decision function to address these limitations, where it performs template matching using the simple
Pearson correlation of a heartbeat segment against a template heartbeat. The template matching coefficient is
used to select the output block, thus avoiding the brute force approach. Additionally, the same template matching
coefficient is used for the exit decision-making criteria alongside the classification confidence to minimize the
performance loss. What’s more, the OBS is also lightweight enough to be adopted for wearable devices. To the
best of our knowledge, we are the first to consider such a template matching based early exit (TMEX) architecture
for MI detection that provides energy efficiency while ensuring similar performance as the baseline.

1.3 Novel Contributions

The novel contributions of this paper are as follows:

• We propose an MI detection methodology to implement a baseline CNN architecture that outperforms the
state-of-the-art works while being energy and memory-efficient.

• We introduce a novel Template Matching based Early Exit (TMEX) CNN architecture that further increases
the energy efficiency of the baseline architecture while maintaining similar performance.

• Evaluation of our methodology on two well known datasets - PTB [7] and PTB-XL [43] from PhysioNet
[17]. It shows that both the baseline and TMEX architectures outperform related works for both datasets.

• Evaluations on real hardware show that our baseline architecture achieves from 0.6× to 53× energy efficiency
compared to the state-of-the-art work on wearable devices. Moreover, our TMEX architecture further
improves the energy efficiency over the baseline by 8.12% (PTB) and 6.36% (PTB-XL) while maintaining
similar performance.

• Hardware evaluations also demonstrate that our baseline and TMEX architectures are compatible with the
low-memory requirement of wearable devices requiring only 20 KB of RAM.

2 RELATED WORKS

2.1 MI Detection Using Single Lead ECG

As our proposed solution is targeted for wearable devices using only one lead ECG data, we will discuss and
compare against the works that used only one lead for MI detection. Authors in [4, 37, 38] used machine learning
algorithms K-Nearest Neighbor (k-NN), Support Vector Machine (SVM), Random Forest (RF) for MI detection.
All of these works applied 4-level Discrete Wavelet Transform (DWT) using Daubechies 6 (db6) basis function
on the heartbeat segments which results in four detail and four approximation coefficients. Then for each of
those 8 coefficients, they extracted normalized energy, Higuchi’s fractal dimension, along with the following
entropies: approximate, fuzzy, permutation, wavelet, Shannon, Renyi, and Tsalis which results in a total of 72
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features. Then they applied an infinite latent feature selection algorithm [35] to sort those 72 features based on
their relevance. Authors in [4] used first 47 of those features and achieved a very high performance (Accuracy
= 98.80%, Sensitivity = 99.45%, Specificity = 96.27%) using k-NN. However, their work is intended for a clinical
setup. Moreover, k-NN is not suitable for wearable device solutions as it requires all the training data to be stored
locally. Authors in [37] used an event-driven 2-level SVM classifier to achieve energy efficiency on wearable
devices. For the first level SVM, they only used the first 5 of those 72 features and for the second (full) level they
used the first 47 features similar to [4]. Their event-driven 2-level SVM and full SVM achieved an accuracy of
90% and 95%, respectively. Authors in [38] also proposed an event-driven technique using a 5-level RF classifier
where the first, second, third, and fourth levels use the first 5, 10, 15, and 20 features out of those 72 features,
respectively. And the fifth/full level uses all of those 72 features. Their event-driven technique achieved relatively
poor performance (accuracy = 80.32%, sensitivity = 81.02%, specificity = 79.63%) whereas the full RF achieved a
slightly better performance (accuracy = 83.26%, sensitivity = 87.95%, specificity = 78.82%).

The works in [37, 38] applied an event-driven technique to reduce the classifier complexity for energy efficiency.
However, they along with [4], used extensive feature engineering to find optimal features for their classifiers which
is a very difficult [42] task. Moreover, the feature extraction process is very expensive in terms of time and energy,
making these methods unsuitable for real-time MI detection on wearable devices. In this scenario, deep learning
algorithms like Convolutional Neural Networks (CNNs) [22] are a better alternative as they perform classification
by automatically extracting features through convolution. Authors in [3] used 1-D deep CNN architecture with 4
convolutional layers, 4 max-pooling layers, and 3 fully connected layers. As their solution is intended for clinical
setup, they only focused on performance without any resource constraints. Their method achieved an accuracy
of 95.22%, a sensitivity of 95.49%, and specificity of 94.19%. Such a network is not suitable for wearable devices
as it does not consider the energy and memory constraints. On the other hand, the authors in [33] developed a
wearable device solution prioritizing energy and memory efficiency while sacrificing performance. Hence, they
used a Binary Convolutional Neural Network (BCNN) with only 3 layers which achieved an accuracy of 90.29%,
the sensitivity of 90.41%, and specificity of 90.16%. Another work in [30] used a CNN with an early exit strategy
to develop a wearable device solution for MI detection. They applied neural architecture search to find an optimal
network suitable for the wearable device while considering performance, energy efficiency, and memory efficiency
as design objectives. Their baseline architecture achieved better performance (accuracy = 98.03%, sensitivity =
97.26%, specificity = 98.82%) than other wearable device solutions. Interestingly, their architecture with early exit
strategy achieved a slightly better performance (accuracy = 98.54%, sensitivity = 97.66%, specificity = 99.44%)
than the baseline, which may be attributed to the fact that the earlier exit’s accuracy had a similar performance
to the baseline one. Unfortunately, the details of their implemented architectures are not mentioned. However,
their exit decision-making is based on the classification confidence only, potentially leading to a deterioration in
the overall performance when there is a considerable performance mismatch between the earlier layer’s exit and
the baseline’s one, as will be detailed later in Section 5.1. In another work, the authors in [27] applied a deep
LSTM architecture to detect MI using single lead (II) ECG data from the recently introduced PTB-XL dataset
[43]. They achieved an accuracy, sensitivity and specificity of 84.17% ,78.37%, and 87.55%, respectively. However,
their sizable architecture is not suitable for resource constrained wearable devices. In this paper, we consider
three metrics (performance, energy, memory) when designing a solution for wearable devices, and accordingly,
we propose a methodology for implementing a CNN architecture that is energy- and memory-efficient while
providing the maximum performance possible.

2.2 Energy-efficient CNN Design Approaches

Originally designed for computer vision applications, CNN has been widely adopted in other applications such
as natural language processing, biomedical applications. Sometimes the deep learning nature of CNN allows
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the architecture size to grow extremely large having 100s of convolutional, pooling, and fully connected layers.
However, such an architecture is very computationally expensive and not suitable for energy and memory
constraint applications of mobile health such as wearable devices. Therefore, many researchers have been
working on different approaches to reduce the architecture size to make it energy and memory-efficient while
maintaining similar or competitive performance. Such approaches can be broadly classified into two categories -
1) Software-based approach, 2) Hardware-based approach.

Software-based approaches mainly focus on minimizing the network size or developing techniques to satisfy
the energy or memory constraints while maintaining performance. The software-based approaches can be further
classified into 2 phases - 1) Offline or training phase, 2) Online or inference phase. The software-based approaches
in the training phase can be broadly divided into 3 types - a) Neural Architecture Search (NAS), b) Network
Pruning, c) Model Compression. NAS involves automatically finding the optimum network parameters from a
search space using reinforcement learning [25, 47] or gradient-based methods [24] or multi-objective bayesian
optimization [9, 15]. Network pruning involves random pruning of a portion of the big network, retraining/fine-
tuning it, and repeat the process until it achieves the desired performance [8, 13, 16]. Finally, model compression
involves binarization [12] or quantization [14, 44] of network weights to reduce the model size to make it
memory-efficient. Whatever the methods are applied, the final model is considered as the baseline classifier to be
used in the inference phase.
The software-based approach in the inference phase includes dynamic network pruning [29], slimmable

neural network [46], dynamic quantization [41], and early exit strategies [6, 19, 32, 36]. The dynamic network
pruning [29] approach prunes the baseline network (weights/neurons) during the inference phase. Unlike pruning
during the training phase, dynamic pruning does not perform retraining/fine-tuning after the pruning step
and the network may suffer from performance loss. The slimmable neural network [46] on the other hand
uses the same network but with a reduced number of filter kernels or active channels during the inference
phase. This is similar to the dynamic pruning of neurons. In practice, Both dynamic pruning and slimmable
neural network are suitable for large network architectures with redundant weights/neurons that can be pruned
without a substantial performance degradation. However, due to energy and memory constraints, such large
architectures (with redundant weights/neurons) are not suitable for wearable devices in the first place, that is,
wearable devices require efficient and compact architectures with minimal/no redundant weights/neurons to
whom the application of dynamic pruning or slimming may degrade performance considerably. This could have
been tackled by fine-tuning/ retraining the network in the inference phase, however, this will incur significant
computation overhead for the wearable device which may overshadow the benefits achieved from it. On the
other hand, dynamic quantization [41] involves the quantization of the network (weights and activations) in the
inference phase. Similarly, the weights are not retrained after quantization, potentially exacerbating performance
losses due to quantization errors. The early exit strategies [6, 19, 32, 36] leverage the layered architecture of the
neural network and introduce multiple exit (output) layers in the network. However, as mentioned in Section
1.2, the state-of-the-art early exit strategies have inherent limitations which prevent them from being adopted
for wearable device solutions. Our work addresses those limitations by introducing template matching based
early exit (TMEX) architecture. It implements an output block selector as the decision function that addresses
the limitations of state-of-the-art early exit strategies by using simple and yet effective template matching by
Pearson correlation coefficient.
It is to note that, the software-based approaches for the inference phase are independent of each other and

may also be applied together. For example, a model can be dynamically quantized and pruned and then an early
exit strategy can be adopted at the same time. As our proposed baseline architecture is designed for wearable
devices and already compact, further pruning and quantization during inference phase leads to performance
loss as will be shown later in 5.3. Therefore, in this paper we implement our TMEX architecture directly on the
baseline architecture.
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Fig. 2. Overview of Our Proposed Methodology. Baseline CNN architecture refers to the full architecture with no dynamic

model compression or early exit techniques applied to it.

On the other hand, hardware-based approaches focus on the design of custom hardware such as accelerators
which are specifically designed for CNNs [10, 11]. These accelerators facilitate speeding up the inference process
and thereby making it more energy-efficient. Both Software-based and Hardware-based approaches are indepen-
dent of each other and can be either applied separately or combined in a HW/SW co-design-based approach.
However, Software-based approaches are more commonly adopted as they can be applied to all commercially
available computing platforms (CPUs, GPUs, MCUs) and do not require any customized hardware.

3 PROPOSED METHODOLOGY

The following sections provide the details of our proposed methodology. The overview of our proposed method-
ology is demonstrated in Figure 2.

3.1 Pre-processing Steps

3.1.1 Filtering. As shown in Figure 2, the pre-processing step starts with the denoising of raw ECG data using a
tenth-order Butterworth bandpass filter with cut-off frequencies 𝑓1=1Hz and 𝑓2=45Hz.
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3.1.2 R-peak Detection. Once denoised, Pan-Tompkin’s algorithm [31] is used to detect the R-peaks from the
filtered ECG data.

3.1.3 Segmentation. Given a frequency value 𝑓 , we take 𝑓 /5 samples before and 2𝑓 /5 samples after the R-peak.
Thus, PTB dataset (𝑓 =1KHz) each segment consists of 600 samples and for PTB-XL dataset (𝑓 =500Hz) each
segment consists of 300 samples representing a heartbeat.

3.1.4 Resampling. This step contributes a lot to the energy efficiency of our solution by reducing the number
of samples to be processed by the CNN architecture for each segment. Therefore, it is important to carefully
determine how much reduction is possible without compromising the performance. We determine the important
frequencies from the power spectrum of the heartbeat segment. As shown in Figure 3, all the necessary frequency
components are present within 125 Hz of the signal which means a sampling frequency of 250 Hz is good enough
based on Nyquist theorem [21]. This is one-fourth of the sampling frequency used in the PTB dataset (1 kHz)
and half of the sampling frequency used in the PTB-XL dataset (500 Hz). Therefore, we can resample each PTB
heartbeat segments by one-fourth and PTB-XL segments by half. Thus, the resampled segments contain 150
samples. The resampling is done by applying an anti-aliasing low pass filter to each segment using Kaiser window
method. Then the segments are downsampled by 4 times. We use the resample function available in MATLAB to
perform this operation.

Fig. 3. The Power Spectrum of Filtered ECG Signal

3.2 TMEX CNN Architecture

As shown in Figure 2, our TMEX CNN architecture consists of three parts - 1) Multi-output CNN architecture
that classifies the heartbeat segments, 2) Output block selector that decides which output block to start with
based on the correlation of each heartbeat segment against the template beat, 3) TMEX algorithm that uses the
correlation coefficient from the output block selector as an additional exit condition along with the classification
confidence of the FOB.
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Table 2. Multi-output CNN Architecture Details

Layer Kernel Stride Activation Output # of

Name Size Size Function Shape Param.

Input - - - 150x1 0
Conv 1 31 1 ReLU 120x3 96
Pooling 1 2 2 - 60x3 0

Batch Norm. - - - 60x3 12
Flatten 1 - - - 180 0
Dense 1 - - Sigmoid 1 181
Conv 2 7 1 ReLU 54x8 176
Pooling 2 2 2 - 27x8 0

Batch Norm - - - 27x8 32
Flatten 2 - - - 216 0
Dense 2 - - Sigmoid 1 217

Total Number of Parameters after First Output Block 289

Total Number of Parameters after Second Output Block 533

3.2.1 Multi-output CNN Architecture. The multi-output CNN architecture is designed considering the resource
constraints of the wearable devices. It consists of 2 convolution blocks and 2 output blocks where each convolution
block is followed by one output block. Figure 2 shows the architecture layout of our multi-output CNN architecture.
Each convolution block consists of one convolution layer which is passed through ReLU activation, one max-
pooling layer, and one batch normalization layer. Each output block consists of one flattening layer, and one
dense layer which is passed through sigmoid activation. The details of the architecture parameters for each of the
layers are given in Table 2. As shown in Table 2, the total number of parameters required to classify a heartbeat
segment after the first, and second output block is 289, and 533, respectively.The two convolution blocks along
with the second output block are considered as the baseline architecture in this paper.

3.2.2 Output Block Selector. The Output Block Selector (OBS) is used to avoid the brute force method followed
by traditional early exit CNN architecture. It implements the template matching mechanism using the Pearson
correlation coefficient to determine whether we should try to exit FOB or not. We create a template beat from the
average of 10 random MI heartbeat segments. It is to be noted that one can use a different number of heartbeat
segments to create the template beat. However, using very few heartbeats (like 2 or 3) may not generalize the MI
heartbeat template and may get biased to specific patients. Similarly, using too many heartbeat segments (100 or
200) might lose the MI pattern in the template beat. We also tried with 20 and 30 random beats to calculate the
template beat. However, found no significant change in the performance of our TMEX architecture. Therefore,
we decided to use the 10 random beats as it generalizes well and at the same time maintains the MI pattern on the
template beat. If the absolute value of the Pearson correlation coefficient [5] between a segment and the template
beat is greater than the correlation threshold, 𝐶𝑜𝑟𝑟𝑡ℎ , that means the segment is less complex and have a higher
chance to be correctly classified by the FOB. Therefore, it selects the FOB to classify the segment. Otherwise, it
directly uses the baseline architecture to classify a particular segment. It is to note that, even if the OBS decides to
use the FOB, it does not guarantee early exit. The early exit decision is made by the TMEX algorithm as discussed
in Section 3.2.3.
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Algorithm 1: TMEX Algorithm
Input:𝐶𝑜𝑟𝑟𝑐𝑜𝑒𝑓 𝑓 : Pearson Correlation Coefficient from the OBS
Input:𝐶𝑙𝑎𝑠𝑠𝑐𝑜𝑛𝑓 : Classification confidence of the FOB
Output: 𝐸𝑥𝑖𝑡𝑓 𝑙𝑎𝑔 : Early exit decision
Constant Variables:

𝐶𝑜𝑟𝑟𝑡ℎ : Correlation Threshold used by OBS
𝐶𝑜𝑛𝑓𝑡ℎ : Confidence Threshold for FOB
// For MI segments

if |𝐶𝑜𝑟𝑟𝑐𝑜𝑒𝑓 𝑓 | ≥ 𝐶𝑜𝑟𝑟𝑡ℎ and𝐶𝑙𝑎𝑠𝑠𝑐𝑜𝑛𝑓 ≥ 𝐶𝑜𝑛𝑓𝑡ℎ then
𝐸𝑥𝑖𝑡𝑓 𝑙𝑎𝑔=True

end

// For Normal segments

else if 1 − |𝐶𝑜𝑟𝑟𝑐𝑜𝑒𝑓 𝑓 | ≥ 𝐶𝑜𝑟𝑟𝑡ℎ and 1 −𝐶𝑙𝑎𝑠𝑠𝑐𝑜𝑛𝑓 ≥ 𝐶𝑜𝑛𝑓𝑡ℎ then
𝐸𝑥𝑖𝑡𝑓 𝑙𝑎𝑔=True

end

// To move to next convolution block

else
𝐸𝑥𝑖𝑡𝑓 𝑙𝑎𝑔=False

end

return 𝐸𝑥𝑖𝑡𝑓 𝑙𝑎𝑔

3.2.3 TMEX Algorithm. TMEX algorithm is used to make the final decision of early exit after FOB. Algorithm
1 shows the stepwise procedure followed to make the exit decision. As the template beat is created from MI
heartbeats, 1 − |𝐶𝑜𝑟𝑟𝑐𝑜𝑒 𝑓 𝑓 | represents the correlation coefficient for the normal heartbeats. Similarly, as we
are using the sigmoid function at the output block, 𝐶𝑙𝑎𝑠𝑠𝑐𝑜𝑛𝑓 represents the classification confidence for MI
segments. Therefore, 1−𝐶𝑙𝑎𝑠𝑠𝑐𝑜𝑛𝑓 represents the classification confidence for normal segments. If both correlation
co-efficient and classification confidence for either MI or normal segments are greater than the corresponding
thresholds, the algorithm decides to exit early. Otherwise, it proceeds to the next convolution block. The use of
both the correlation coefficient and the confidence thresholds allows us to overcome the limitations of traditional
early exit architecture when the exit decision is solely based on classification confidence. For example, if FOB
misclassifies a segment with high confidence it will exit after the FOB.

4 EXPERIMENTAL SETUP

4.1 Database Used

We use two well known datasets ś PTB diagnostic ECG database [7] and PTB-XL datastet [43] from PhysioNet
[17]. The PTB database contains MI data from 148 subjects and normal healthy control data from 52 subjects
whereas the PTB-XL contains MI data from 5486 patients and healthy data from 9528 normal subjects. Each
record includes 15 simultaneously measured signals: the conventional 12 leads (i, ii, iii, avr, avl, avf, v1, v2, v3,
v4, v5, v6) together with the 3 Frank lead ECGs (vx, vy, vz). As our work is intended for the wearable device
we use the single lead ECG data. We use the 11𝑡ℎ lead (v5) from PTB dataset and 2

𝑛𝑑 lead (II) from PTB-XL
dataset, to ensure fair comparison with the related works on the corresponding datasets. The signal in PTB and
PTB-XL dataset is digitized at 1000 and 500 samples per second respectively. Table 6 shows the summary of data
distribution and the specific lead used in each of the related works.
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4.2 Performance Metric

As the number of segments for different classes in both the dataset is highly imbalanced, only classification
accuracy is not appropriate to measure performance. We use both the sensitivity and specificity metric to ensure
a fair comparison with our related works as shown below:

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 +𝑇𝑁

𝑇𝑃 + 𝐹𝑃 +𝑇𝑁 + 𝐹𝑁
(1)

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
(2)

𝑆𝑝𝑒𝑐𝑖 𝑓 𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
(3)

Where TP, TN, FP, FN represents True Positives, True Negatives, False Positives, and False Negatives respectively.
Sensitivity represents the true positive rate that measures the portion of the positive class (MI segments) that
is correctly classified. Similarly, specificity represents the true negative rate that measures the portion of the
negative class (Normal segments) that is classified correctly.

4.3 Training Multi-output CNN Classifier

To validate the performance of our Multi-output CNN classifier, we use data of 200 subjects (52 Normal, 148 MI)
from PTB [7]. A total of 62306 (51880MI, 10426 Normal) heartbeat segments are obtained after pre-processing steps
from Lead 11 ECG data. The PTB dataset is highly imbalanced since the number of MI segments is approximately 5
times the normal segments. For the PTB-XL dataset data from 15014 subjects (9528 Normal, 5486 MI). Unlike PTB,
PTB-XL provides a specific distribution of train, validation, test subjects to ensure a fair comparison of different
related works. Thus, training and test data comes from completely different subjects. After pre-processing steps,
we obtained 136136 (83765 Normal, 52371 MI) train segments, 17186 (10536 Normal, 6650 MI) validation segments,
and 17319 (10575 Normal, 6744 MI) test segments. The PTB-XL dataset is also imbalanced but towards normal
segments. To ensure proper training on the imbalance dataset, we assign class weights to each class during
training using the following formula in Eq. 4.

𝑤𝑖 =
1

𝑁𝑖
∗
𝑁

𝑛𝑐
(4)

Here,𝑤𝑖 , and 𝑁𝑖 represent the class weight and the number of segments belonging to class 𝑖 , respectively. 𝑁 is
the total number of segments from all classes and 𝑛𝑐 is the number of output classes which is 2 in our case.

We train the classifier with a batch size of 500. The models are trained for 150 epochs and select the model with
minimum validation loss as the best one from those epochs. We use Binary Crossentropy as the loss function for
each output block. Adam optimizer is used to train the models with a learning rate of .001. Similar to the related
works in PTB, we also perform stratified 5-fold cross-validation on the total data where 80% data (4 folds) is used
for training and 20% is used for testing. Moreover, 20% of the training data is used validation during training.
Stratified 5-fold cross-validation ensures each fold contains a similar distribution of data from each class. For the
PTB-XL dataset, the model was trained, validated, and tested using the provided distribution of train, validation,
and test subjects data.

4.4 Target Wearable Device

Our work is designed for low-power, low-memory wearable devices like SmartCardia [2]. For example, Smart-
Cardia INYU [28] device is equipped with an ultra-low-power 32-bit microcontroller STM32L151 containing an
ARM CortexśM3 with a maximum clock rate of 32 MHz. It has 48 KB RAM, 384 KB Flash, and a standard 710
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Table 3. Correlation and Confidence Threshold Analysis of TMEX Architecture on PTB Dataset

Work
OBS FOB Performance (%) Output Block Time Pwr. Energy Energy

𝐶𝑜𝑟𝑟𝑡ℎ 𝐶𝑜𝑛𝑓𝑡ℎ Acc. Sen. Spec. First Second (ms) (mW) (𝜇J) Saving (%)

Baseline ś ś 99.33 99.25 99.74 0 62306 150.77 46.75 7048.49 0

E
ar
ly

E
xi
t

ś

0.5 94.82 94.22 97.83 62306 0 110.50 44.76 4945.98 29.83
0.6 95.09 94.51 98.01 61860 446 110.81 44.77 4960.78 29.62
0.7 95.37 94.80 98.23 61379 927 111.15 44.78 4976.74 29.39
0.8 95.68 95.15 98.33 60691 1615 111.63 44.79 4999.59 29.07
0.9 96.12 95.65 98.47 59434 2872 112.50 44.81 5041.36 28.48

T
em

p
la
te

M
at
ch
in
g
B
as
ed

E
ar
ly

E
xi
t
(T
M
E
X
)

0.5

0.5 98.85 99.06 97.78 39740 22566 126.24 45.16 5700.88 19.12
0.6 98.88 99.06 97.99 39494 22812 126.41 45.16 5709.18 19.00
0.7 98.92 99.07 98.21 39238 23068 126.59 45.17 5717.81 18.88
0.8 98.96 99.09 98.31 38855 23451 126.85 45.18 5730.74 18.70
0.9 99.00 99.11 98.45 38139 24167 127.35 45.19 5754.91 18.35

0.6

0.5 98.89 99.11 97.78 36097 26209 128.78 45.22 5823.93 17.37
0.6 98.92 99.11 97.99 35866 26440 128.94 45.23 5831.74 17.26
0.7 98.96 99.11 98.21 35618 26688 129.11 45.23 5840.13 17.14
0.8 98.99 99.12 98.33 35264 27042 129.36 45.24 5852.11 16.97
0.9 99.03 99.14 98.47 34598 27708 129.82 45.25 5874.65 16.65

0.7

0.5 99.06 99.15 98.60 30006 32300 133.02 45.33 6030.40 14.44
0.6 99.08 99.14 98.77 29814 32492 133.16 45.34 6036.92 14.35
0.7 99.11 99.15 98.94 29607 32699 133.30 45.34 6043.95 14.25
0.8 99.14 99.15 99.05 29304 33002 133.51 45.35 6054.25 14.11
0.9 99.16 99.16 99.16 28726 33580 133.92 45.36 6073.90 13.83

0.8

0.5 99.20 99.17 99.33 17723 44583 141.59 45.55 6449.55 8.50
0.6 99.20 99.16 99.40 17621 44685 141.66 45.55 6453.05 8.45
0.7 99.21 99.16 99.44 17509 44797 141.74 45.55 6456.88 8.39
0.8 99.23 99.17 99.52 17326 44980 141.87 45.56 6463.16 8.30
0.9 99.24 99.18 99.55 16952 45354 142.13 45.56 6475.98 8.12

0.9

0.5 99.22 99.13 99.71 1260 61046 153.07 45.84 7017.20 0.44
0.6 99.22 99.13 99.71 1256 61050 153.07 45.84 7017.33 0.44
0.7 99.23 99.13 99.72 1251 61055 153.08 45.84 7017.51 0.44
0.8 99.25 99.15 99.74 1241 61065 153.08 45.84 7017.85 0.43
0.9 99.26 99.16 99.74 1229 61077 153.09 45.84 7018.27 0.43

mAh battery. The device captures ECG signals using a single lead ECG sensor [28]. Our solution applies to any
wearable device having the above or similar specifications.

5 EXPERIMENTAL RESULTS AND ANALYSIS

5.1 Correlation and Confidence Threshold Analysis of TMEX Architecture

The correlation threshold, 𝐶𝑜𝑟𝑟𝑡ℎ of the output block selector (OBS), and the confidence threshold, 𝐶𝑜𝑛𝑓𝑡ℎ of
the first output block (FOB) play the most important role in our TMEX architecture. Therefore, we conduct a
detailed analysis of the different combinations of these two thresholds and their impact on the early exit decision,
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Table 4. Correlation and Confidence Threshold Analysis of TMEX Architecture on PTB-XL Test Data

Work
OBS FOB Performance (%) Output Block Time Pwr. Energy Energy

𝐶𝑜𝑟𝑟𝑡ℎ 𝐶𝑜𝑛𝑓𝑡ℎ Acc. Sen. Spec. First Second (ms) (mW) (𝜇J) Saving (%)

Baseline ś ś 84.36 78.60 88.03 0 17319 150.77 46.75 7048.49 0

E
ar
ly

E
xi
t

ś

0.5 84.12 74.02 90.55 17319 0 110.50 44.76 4945.98 29.83
0.6 84.15 74.32 90.42 17108 211 111.03 44.77 4971.17 29.47
0.7 84.18 74.57 90.32 16868 451 111.63 44.79 4999.84 29.07
0.8 84.16 74.96 90.03 16557 762 112.41 44.81 5037.01 28.54
0.9 84.05 75.37 89.59 16147 1172 113.44 44.83 5086.07 27.84

T
em

p
la
te

M
at
ch
in
g
B
as
ed

E
ar
ly

E
xi
t
(T
M
E
X
)

0.5

0.5 84.08 74.87 89.95 12002 5317 123.84 45.10 5585.06 20.76
0.6 84.05 74.97 89.84 11904 5415 124.09 45.11 5596.92 20.59
0.7 84.09 75.22 89.75 11788 5531 124.38 45.11 5610.97 20.39
0.8 84.10 75.61 89.52 11617 5702 124.81 45.12 5631.69 20.10
0.9 84.05 76.11 89.11 11380 5939 125.40 45.14 5660.41 19.69

0.6

0.5 84.16 75.43 89.72 9854 7465 129.23 45.24 5845.81 17.06
0.6 84.11 75.53 89.58 9776 7543 129.42 45.24 5855.30 16.93
0.7 84.11 75.77 89.43 9685 7634 129.65 45.25 5866.38 16.77
0.8 84.06 76.11 89.13 9552 7767 129.99 45.26 5882.58 16.54
0.9 84.02 76.62 88.75 9355 7964 130.48 45.27 5906.59 16.20

0.7

0.5 84.21 75.98 89.47 6930 10389 136.56 45.42 6203.12 11.99
0.6 84.17 76.08 89.33 6881 10438 136.69 45.43 6209.14 11.91
0.7 84.16 76.29 89.18 6811 10508 136.86 45.43 6217.72 11.79
0.8 84.07 76.53 88.88 6710 10609 137.12 45.44 6230.12 11.61
0.9 84.05 77.00 88.55 6570 10749 137.47 45.45 6247.31 11.37

0.8

0.5 84.50 76.81 89.41 3948 13371 144.05 45.61 6570.35 6.78
0.6 84.47 76.93 89.28 3916 13403 144.13 45.62 6574.31 6.73
0.7 84.42 77.05 89.13 3869 13450 144.24 45.62 6580.12 6.64
0.8 84.31 77.19 88.84 3802 13517 144.41 45.62 6588.40 6.53
0.9 84.24 77.46 88.56 3707 13612 144.65 45.63 6600.15 6.36

0.9

0.5 84.55 77.65 88.95 1430 15889 150.36 45.77 6882.65 2.35
0.6 84.54 77.73 88.88 1414 15905 150.40 45.77 6884.64 2.32
0.7 84.51 77.77 88.80 1395 15924 150.45 45.78 6887.01 2.29
0.8 84.40 77.85 88.58 1354 15965 150.55 45.78 6892.11 2.22
0.9 84.30 77.91 88.38 1308 16011 150.67 45.78 6897.84 2.14

performance and energy efficiency. For the second output block, we always use the confidence threshold of 0.5
as it is the last output block in our architecture. Tables 3 and 4 show the performance and the different output
blocks used to classify the segments of PTB and PTB-XL test dataset, respectively. We have also analysed the
execution time, power, energy, and associated energy saving achieved by the TMEX architecture for different
𝐶𝑜𝑟𝑟𝑡ℎ and 𝐶𝑜𝑛𝑓𝑡ℎ . The details of the energy calculation is provided later in Section 5.6. As shown in Tables 3
and 4, the increasing value of 𝐶𝑜𝑟𝑟𝑡ℎ increase the performance while increasing the energy consumption which
in turn reduces the amount of energy saved by the TMEX architecture. This is because the OBS selects more
segments to be classified by the second output block which has better performance but requires more energy. For

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 2, Article 68. Publication date: June 2022.



68:14 • Rashid et al.

each 𝐶𝑜𝑟𝑟𝑡ℎ value, the same happens with the increase of the 𝐶𝑜𝑛𝑓𝑡ℎ value. The performance increases at the
cost of energy. This happens as the TMEX algorithm does not allow early exit after FOB as it requires higher
classification confidence. Rather they are sent to the second output block which has better performance and
higher energy requirement. This is why the number of segments classified by FOB decreases which increases the
count for second output blocks. Tables 3 and 4 show that, for 𝐶𝑜𝑟𝑟𝑡ℎ=0.5 and 𝐶𝑜𝑛𝑓𝑡ℎ=0.5, our TMEX archiecture
achieves the lowest performance with the highest energy saving of 19.12% and 20.76% energy efficiency for the
PTB and PTB-XL test dataset, respectively. Conversely, for 𝐶𝑜𝑟𝑟𝑡ℎ=0.9 and 𝐶𝑜𝑛𝑓𝑡ℎ=0.9, it achieves the highest
performance with lowest energy efficiency of 0.43% and 2.14% on the respective datasets. This proves that there
is a trade off between performance and energy efficiency for different values of correlation and confidence
thresholds. Therefore, our goal is to find out the best combination of these two thresholds that maintains a
similar performance of the TMEX architecture as the baseline one while providing descent energy efficiency.
As shown in Tables 3 and 4, 𝐶𝑜𝑟𝑟𝑡ℎ = 0.8 and 𝐶𝑜𝑛𝑓𝑡ℎ = 0.9 achieves the best performance considering all three
metrics while maintaining a decent energy efficiency of 8.12% and 6.36% for the respective datasets. Therefore,
we consider these two values for the correlation threshold of OBS and the confidence threshold of FOB in our
TMEX architecture. However, TMEX architecture provides flexibility to achieve more energy efficiency at the
cost of performance by choosing lower threshold values.

5.2 Performance Analysis of the Traditional Early Exit

To demonstrate the importance of the template matching based early exit architecture, we analyze the performance
of the traditional early exit where exit decision is made solely based on the FOB confidence threshold. Tables
3 and 4 show the performance of traditional early exit architecture for different confidence thresholds (𝐶𝑜𝑛𝑓𝑡ℎ
= 0.5 to 0.9). As the tables show, the performance of traditional early exit increases with the increasing value
confidence thresholds from 0.5 to 0.9. For the PTB dataset in Table 3, the best performance of traditional early
exit architecture (for 𝐶𝑜𝑛𝑓𝑡ℎ = 0.9) is still lower than that of the lowest performance of our TMEX architecture
(for 𝐶𝑜𝑟𝑟𝑡ℎ = 0.5, 𝐶𝑜𝑛𝑓𝑡ℎ = 0.5). And for the PTB-XL test dataset in Table 4, our TMEX architecture starting
from 𝐶𝑜𝑟𝑟𝑡ℎ = 0.5 and 𝐶𝑜𝑛𝑓𝑡ℎ = 0.8 or any combination upto 0.9, outperforms traditional early exit architecture.
However, traditional early exit architecture achieves higher energy efficiency while sacrificing the performance.
They achieve upto 29.83% of energy saving compared to the 19.12% and 20.76% for our TMEX architecture. On
the other hand, TMEX architecture ensures similar performance as the baseline while being as energy-efficient
as possible.

5.3 Performance Analysis of the Other Dynamic Model Compression Techniques

This section evaluates the performance of other dynamic model compression techniques on our baseline ar-
chitecture. As shown in Table 5, for all the dynamic compression techniques the performance of the baseline
architecture decreases to some extent. For slimmable neural network and dynamic pruning we have applied
compression on the weights/neurons of the two convolution layers and the dense layer was kept intact. This is
because, compressing dense layer causes even more performance degradation. For slimmable neural network, we
have considered two configurations. In the first configuration we have slimmed the lowest magnitude filter kernel
from the first convolution layer thus using only 2 of the 3 filter kernels. Similarly, in the second configuration
we have slimmed the lowest magnitude filter kernel from the second layer thus using 7 of the 8 filter kernels.
For dynamic weight pruning, we have pruned 20% of the weights with lowest magnitude. And for dynamic
neuron pruning we have pruned 20% of the neurons with lowest magnitude. As shown in the Table 5, the baseline
performance drops significantly for both the slimming and pruning options. This justifies the fact that our baseline
architecture is already compact and does not have much redundant weights/neurons to prune or slim. On the
other hand, dynamic quantization shows a better performance compared to pruning or slimming, as it does not
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Table 5. Performance Comparison with Dynamic Model Compression Techniques

Technique Configuration
PTB PTB-XL Test

Acc. Sen. Spec. Acc. Sen. Spec.

Baseline [Ours] ś 99.33 99.25 99.74 84.36 78.60 88.03

TMEX [Ours] 𝐶𝑜𝑟𝑟𝑡ℎ=0.8,𝐶𝑜𝑛𝑓𝑡ℎ=0.9 99.24 99.18 99.54 84.24 77.46 88.56

Slimmable NN [46]
Filter: Conv1=2; Conv2=8 87.21 98.50 31.03 69.92 88.67 57.96
Filter: Conv1=3; Conv2=7 95.47 99.25 76.61 66.44 93.29 49.31

Dynamic Pruning [29]
Weight Pruning (20%) 95.77 98.97 79.84 84.20 76.52 89.10
Neuron Pruning (20%) 82.98 99.42 1.16 74.06 89.39 64.29

Dynamic Quantization[41] int8 97.33 97.05 98.72 83.53 76.01 89.69
Trad. Early Exit [19, 32] 𝐶𝑜𝑛𝑓𝑡ℎ=0.9 96.12 95.64 98.46 84.05 75.37 89.59

change the baseline architecture during inference. Rather, it just quantizes the network weights while keeping
the architecture intact. Similarly, traditional early exit architecture also suffers from performance loss compared
to baseline one. And TMEX architecture outperforms other techniques while maintaining similar performance as
the baseline one. It is to note that, the dynamic model compression techniques are independent of each other and
can be used simultaneously. Our TMEX architecture can be implemented on a quantized and pruned version of
the baseline architecture. However, we chose to implement the TMEX architecture on the baseline directly as
other compression techniques reduce the baseline performance significantly.

5.4 Performance Evaluation against Related Works on MI Detection

As shown in Tables 6 and 7, our baseline architecture outperforms the related works on MI detection for both
PTB and PTB-XL datasets. For PTB dataset (Table 6), our baseline architecture achieves an accuracy of 99.33%,
sensitivity of 99.25%, and specificity of 99.74%. Our TMEX architecture shows a similar performance as the
baseline one with an accuracy, sensitivity, and specificity of 99.24%, 94.18%, 99.54%, respectively. Both baseline

Table 6. Performance Comparison of Related Works on PTB Dataset

Work
PTB Patient Classifier Performance (%)

Normal MI Lead Type Accuracy Sensitivity Specificity

[4] 52 148 11 k-NN 98.80 99.45 96.27

[37] 52 52 11
Full SVM 95 ś ś

2-level SVM 90 ś ś

[38] 52 52 11
Full RF 83.26 87.95 78.82

5-level RF 80.32 81.02 79.63
[3] 52 148 2 CNN 95.22 95.49 94.19
[33] 52 148 11 BCNN 90.29 90.41 90.16

[30] 52 148 11
Baseline CNN 98.03 97.26 98.82

Early Exit (𝐶𝑜𝑛𝑓𝑡ℎ=0.99) 98.54 97.66 99.44

Ours 52 148 11
FOB CNN 94.82 94.22 97.83

Baseline CNN 99.33 99.25 99.74

TMEX (𝐶𝑜𝑟𝑟𝑡ℎ=0.8,𝐶𝑜𝑛𝑓𝑡ℎ=0.9) 99.24 99.18 99.54
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Table 7. Performance Comparison of Related Works on PTB-XL Dataset

Work
PTB-XL Patient Classifier Performance (%)

Normal MI Lead Type Accuracy Sensitivity Specificity

[27] 9528 5486 2 Deep LSTM 84.17 78.37 87.55

Ours 9528 5486 2
FOB CNN 84.12 74.02 90.55

Baseline CNN 84.36 78.60 88.03

TMEX (𝐶𝑜𝑟𝑟𝑡ℎ=0.8,𝐶𝑜𝑛𝑓𝑡ℎ=0.9) 84.24 77.46 88.56

and TMEX architectures significantly outperform the other state-of-the-art works [3, 4, 33, 37, 38] in almost all
three metrics. Moreover, SVM and RF models, in general, are not suitable for wearable devices in terms of memory
footprint which we will discuss in the next Section 5.5. The work [3] using deep CNN achieves comparatively
better performance compared to other wearable device solutions [33, 37, 38]. However, our work still outperforms
[3] which is designed for clinical setups. The work [4] achieves the highest performance among the related works
with accuracy, sensitivity, and specificity of 98.80% and 99.45%, and 96.27% respectively. However, the k-NN
classifier is only suitable for clinical set up as all the training data should be loaded in the memory during the
inference phase. The solution in [30] is implemented for wearable devices and achieves a close performance
to ours. However, our architecture is much more energy-efficient than [30] which is detailed later in Section
5.6. As shown in Table 7, our baseline architecture also outperforms [27] on PTB-XL dataset achieving an
accuracy, sensitivity, and specificity of 84.36%, 78.60.36%, and 88.03%, respectively. Our TMEX architecture shows
a similar performance as the baseline one with an accuracy, sensitivity, and specificity of 84.24%, 77.46%, 88.56%,
respectively. Moreover, the work [27] uses deep LSTM network which is not suitable for wearable devices.

5.5 Memory Footprint Evaluation on Real Hardware

We evaluate the memory footprint of all works mentioned in Table 6 except for the work [4] that uses k-NN
classifier. The k-NN classifier is not suitable for wearable devices as it requires all the training data to be loaded
into the memory. For the machine learning approaches in [37, 38] the reported memory footprint is for the
feature extraction and classification process. For the deep learning approaches using CNN [3, 33], we evaluate
the memory footprint of the classification as it automatically extracts features during classification.
The work [37] and [38] uses 2-level SVM and a 5-level RF classifier respectively. Both approaches have three

major drawbacks in terms of memory. First, the model size of the SVM and RF increases with the increasing
amount of training data as well as the number of features. Second, both of them need to have multiple models (2
for SVM and 5 for RF) loaded into memory. Third, the feature extraction process for the full level SVM and RF
classifier requires a huge amount of memory.

To demonstrate an example of the first drawback, we train the SVM and RF models with varying numbers of
training samples. For SVM models, we train with both 5 (first level) and 47 (second/full) features. For RF models
we train with 5 and 72 features corresponding to the first and fifth level classifiers in [38]. As shown in Figure 4,
the size of the SVM model increases linearly with the increasing number of training samples. The model size also
increases as the feature number increases from 5 to 47 for SVM. On the other hand, the RF model is trained with
100 weak learners as used in [38]. Moreover, they also used a variable-sized split for the RF where the tree grows
until no further split is possible which also increases the model size exponentially. In Figure 4, we demonstrate
the change of the RF model size for both variable split and a fixed split of 20. As shown in Figure 4, the size of the
RF model for both variable and fixed split increases with the increasing number of training samples as well as the
increase of features from 5 to 72. Figure 4 shows that the SVM, fixed split RF, and variable split RF model trained
with 8000 samples will have a model size of 185, 281, 896 KBs, respectively for only 5 features. For the same 8000
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samples, the SVM model size increases from 185 KB to 567 KB when the number of features increases from 5 to
47. The same holds for the RF model with fixed and variable split as the number of features increases from 5 to
72, the model size changes from 281 KB and 896 KB to 299 KB and 1290 KB, respectively. Thus, both of these
approaches are not suitable for low-memory wearable devices.
Moreover, the work [37] requires 2 of the SVM models and the work [38] requires 5 of the RF models to be

loaded into the memory which gives us the perspective of the second drawback. Besides, both the approaches in
[37, 38] require a huge amount of memory for the feature extraction process of their full level classifiers which
brings us to the third drawback. We demonstrate the third drawback using the RAM footprint for each level of
the SVM and RF classifier on the EFM32 Giant Gecko microcontroller which has 128 KB of RAM and 1 MB of
flash memory. As our goal is to evaluate the memory requirement for the feature extraction of different levels of
SVM and RF, we train the SVM with only 20 training samples and RF with only 100 training samples so that they
can fit within the 128 KB of RAM. Also, for the RF model, we use only 10 weak learners with a fixed split of 10.
As shown in Table 8, both the full level classifier in [37] and [38] requires almost 83 MB of RAM making them
incompatible for wearable devices with lower memory.

One of the advantages of deep learning approaches in [3, 27, 30, 33] over the machine learning ones in [37, 38]
is that the classifier model size does not change with the number of training samples. However, the memory
requirement of the deep learning models still changes with architecture size, parameters, and input segment size.
For example, the 11 layers deep CNN architecture used in [3] requires 114 KB of RAM. Whereas the work in [33]
focuses on low memory wearable devices and requires only 3.5 KB of RAM. The approach in [33] focused on
memory and energy efficiency while sacrificing performance. Authors in [30] developed wearable device solution

Fig. 4. Variation of Model Size with Increasing Training Samples and Features
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Table 8. Memory Footprint and Energy Consumption Evaluation on EFM32 Giant Gecko Development Board

Works
Classifier RAM Exe. Avg. Energy

Level Footprint (B) Time (ms) Power (mW) (𝜇J)

SVM[37]
First (5 Features) 78844 347.03 46.57 16161.18
Full (47 Features) Not Compatible: RAM Overflowed

RF[38]

First (5 Features) 78844 345.35 46.57 16082.94
Second (10 Features) 85948 3556.37 46.58 165655.71
Third (15 Features) 87316 7669.7 46.81 359018.65
Fourth (20 Features) 88132 8188.21 46.48 380588.00
Full (72 Features) Not Compatible: RAM Overflowed

CNN[3] - 114176 2036.82 46.97 95669.43
BCNN[33] - 3568 253.73 44.45 11278.29

CNN[30]
Baseline 15972 ś ś 28320

Early Exit (𝐶𝑜𝑛𝑓𝑡ℎ=0.99) 15972 ś ś 28189
Deep LSTM[27] ś Not Compatible: RAM Overflowed

CNN[Ours]

OBS 2612 3.18 44.98 143.04
FOB 11868 107.32 44.54 4780.03

Baseline 20160 150.77 46.75 7048.49

TMEX∗ (PTB) 20160 142.13 45.56 6475.98

TMEX∗ (PTB-XL Test) 20160 144.65 45.63 6600.15

∗TMEX energy measurements for𝐶𝑜𝑟𝑟𝑡ℎ=0.8,𝐶𝑜𝑛𝑓𝑡ℎ=0.9. Measurements for other thresholds are presented in Tables 3 and 4

with a RAM footprint of 15.97 KB. The deep LSTM architecture used in [27] has more than fourteen thousand
parameters and encounters RAM overflow.
Table 8 shows the RAM footprint our baseline architecture is 20 KB. The OBS requires only 2.61 KB of

RAM (which is less the 20 KB) without adding any extra memory overhead. The RAM footprint of our TMEX
architecture is also 20 KB which is the maximum of RAM footprints of the output block selector and each of the
output blocks. Thus, our proposed baseline and TMEX CNN architecture are compatible with any device with a
minimum RAM of 32 KB.

5.6 Energy Consumption Evaluation on Real Hardware

Evaluation of energy consumption is conducted on the same EFM32 Giant Gecko microcontroller as used for
memory evaluation. The energy measurement is done using the integrated energy profiler [20] of the Simplicity
Studio IDE for the EFM32 boards. While measuring the energy, the board is set to active/run mode (EM0-Energy
Mode 0) with a clock speed of 48 MHz. To ensure a fair comparison, the same configuration is used for measuring
the energy of all the state-of-the-art work implementations. For the machine learning approaches [37, 38], the
energy for the feature extraction and classification are calculated. For deep learning ones using CNN, we evaluate
the classification energy only as they automatically extract features during classification. The energy for the
TMEX architecture is calculated through the summation of the products between the ratios segments classified
by each output block and the corresponding energy consumption for that block. For the energy evaluation of
work [37], we train the SVM classifier with only 20 training samples to just fit the trained model in the memory.
Similarly, the RF classifier in [38] is trained with only 100 training samples, 10 weak learners with a fixed split
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Table 9. Performance and Resource Consumption Analysis of the Baseline Architecture W/O Resampling

Dataset Baseline
Performance (%) Param FLOP Time Energy RAM

Acc. Sen. Spec. Count Count (ms) (𝜇J) (Bytes)

PTB
W/O Resampling 99.35 99.43 98.92 1429 212665 446.82 21188.2 101760
With Resampling 99.33 99.25 99.74 533 43489 150.77 7048.49 20160

PTB-XL
W/O Resampling 83.42 77.12 87.44 829 99865 224.40 10598.41 44880
With Resampling 84.36 78.60 88.03 533 43489 150.77 7048.49 20160

This in turn makes the inference time 2.96× faster requiring 3.01× less energy. Moreover, resampling reduces
the memory footprint by 5.05× thus making the baseline architecture memory-efficient. For PTB-XL dataset,
our baseline architecture with resampling outperforms the one without resampling as shown in Table 9. Also,
it reduces the ś parameter count, FLOP count, inference time, energy consumption, and memory footprint of
the baseline architecture by 1.56×, 2.30×, 1.49×, 1.50×, and 2.23×, respectively. The ablation study shows that
resampling in our methodology helps to achieve energy and memory efficiency without significant performance
loss making it suitable for resource constraint wearable devices.

6 CONCLUSION

This paper proposes an energy-efficient methodology for real-time MI detection on wearable devices using a
Convolutional Neural Network (CNN). It involves novel pre-processing of the heartbeat segments to reduce the
sample size that allows the baseline CNN to outperform the state-of-the-art works for two different datasets - PTB
and PTB-XL, while being energy and memory-efficient. Moreover, we also propose a Template Matching based
Early Exit (TMEX) CNN architecture that further increases the energy efficiency compared to baseline architecture
while maintaining similar performance. On PTB dataset, our baseline and TMEX architecture achieve 99.33% and
99.24% accuracy, whereas on PTB-XL dataset they achieve 84.36% and 84.24% accuracy, respectively. Evaluation
on real hardware shows that our baseline architecture achieves from 0.6x to 53x more energy efficiency while
outperforming state-of-the-art works on wearable devices. Moreover, our TMEX architecture further achieves
8.12% (PTB) and 6.36% (PTB-XL) more energy efficiency compared to the baseline architecture while maintaining
similar performance. To the best of our knowledge, the baseline and TMEX architecture of our methodology
achieve the best performance on wearable devices while being energy-efficient with a RAM footprint of only 20
KB.
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