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Abstract

Information and communication technologies (ICT) play an increasingly
important role in healthcare systems, through the development of eHealth
applications such as electronic health records, telemedicine, remote health
monitoring, or artificial intelligence for diagnosis support. Within this con-
text, wearable medical devices for mobile health (mHealth) emerge as a
valuable tool for monitoring patients over extended time periods, in their
daily environment, with the aim of enhancing disease prevention, helping
with diagnosis and ensuring proper treatment. The widespread deploy-
ment of those sensor devices however introduces technical and environ-
mental challenges due for instance to the production of battery-powered
devices or the management of large data flows. In order to mitigate these
challenges, some solutions can be considered for the design of the devices.
Embedded processing of the acquired signals alleviates the need for wire-
lessly transferring all the raw data. Ultra-low-power implementations of
the electronic devices and optimization of the system power consumption
reduce the required battery size. Adaptable and upgradable devices finally
extend the device lifetime by limiting the risk of obsolescence. This thesis
explores these solutions and questions whether they can contribute to en-
hancing the environmental sustainability of wearable devices.

The first part of the thesis discusses the design of a baseline low-power
wearable device, focusing on the use case of cardiac arrhythmia moni-
toring with beat-to-beat arrhythmia classification. To address the chal-
lenges of low power consumption and upgradability, the system is imple-
mented on a custom ultra-low-power (ULP) microcontroller unit (MCU).
This MCU includes a biomedical analog front-end (AFE) designed for elec-
trocardiogram (ECG) signal acquisition with a low-noise instrumentation
amplifier and a time-based ADC. In the digital back-end (DBE), the sup-
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port-vector machine classification software is optimized for low comput-
ing resources and is executed on a generic ARM Cortex-M4 processor im-
plemented with ultra-low-voltage logic, adaptive back-biasing and custom
ULP SRAM memories. A prototype fabricated in 28-nm fully-depleted sil-
icon-on-insulator CMOS technology performs the ECG signal acquisition
and arrhythmia classification tasks with an average power consumption of
13.1 µW. The demonstrated inference accuracy is on par with state-of-the-
art inter-patient arrhythmia classification results. The MCU-based imple-
mentation inherently allows for upgradability of the system by program-
ming new software.

The total power consumption of the system directly depends on the
power consumption of its internal blocks, which are set by their local per-
formance level, e.g. the noise of an amplifier, the resolution of an ADC or
the complexity of a processing algorithm. For the designer, the objective
is to specify the performance level for each component that allows reach-
ing the target accuracy while minimizing the power consumption. In com-
plex mixed-signal systems, in particular when hardly predictable machine-
learning algorithms are used, those local block-level specifications can be
difficult to determine. In order to avoid relying on a priori assumptions
or trial-and-error methods, which are inefficient and often suboptimal, we
propose to search for the system global optimum using a numerical opti-
mization approach. To this end, in the second part of this thesis, power and
performance models of the different components of the arrhythmia classi-
fication system are extracted in the respective analog and digital domains,
for hardware and software components. Those models allow to obtain ef-
ficiently the performance at the component and at the system levels, with
a reduced simulation overhead. Several methods for extracting the models
are implemented and compared. These include a knowledge-based ana-
lytical approach, a simulation-based approach relying on multi-objective
optimization and an efficient hardware-aware performance simulation of
digital circuits. The extracted trade-offs are verified experimentally with
prototypes of the AFE designed for configurable performance level. In the
third part of this thesis, the global power and performance model of the
system is used in combination with a numerical optimization algorithm.
Several degrees of freedom, both in the analog and digital domains, are
optimized at once to find the optimal set of design parameters that mini-
mizes the total power consumption while preserving the arrhythmia clas-
sification accuracy. The power reduction that can be obtained varies signif-
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icantly depending on several factors, which are discussed and illustrated
in the considered use case, e.g. choice of the degrees of freedom and their
impact on the power and performance, optimality of the baseline design,
operating conditions of the device and performance constraints.

The last part of this thesis proposes to take a step back and have a look
at more global sustainability aspects of mHealth. Through a review of the
scientific literature on the considerations towards environmental sustain-
ability of mHealth, we show that the focus lies predominantly on the direct
environmental impacts of the device life cycle and on the reduction of in-
direct greenhouse gas emissions coming from the patient transportation to
the healthcare facilities. Given the potential of eHealth and mHealth to
deeply modify the current healthcare paradigm, a systemic vision is nec-
essary and the environmental considerations currently taken into account
fail to include the specificities of mHealth devices. A few examples are the
possible optimization of healthcare procedures, changes induced in the de-
mand for medical services or rebound effects at the scale of society. Those
characteristics are analyzed and classified using the LES framework orig-
inating from the ICT sustainability assessment field, which distinguishes
several levels of impacts from the device life cycle to structural impacts on
the socio-economic system. The advantages and difficulties of this broader
approach are discussed, with a focus on the multi-disciplinary dialogue
that needs to emerge in order to fully capture sustainability issues.
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1
Introduction

Information and communication technologies (ICT) have become a key
component of our everyday life and have impacted many different sectors
such as work, retail, entertainment or industry. The healthcare sector is
no exception to this trend, with the ever-increasing use of, e.g., electronic
health records, health informatics or remote medical consultations. The
technological ecosystem that has grown around those ICT-based applica-
tions is referred to as eHealth, which stands for electronic health. As shown
in Fig. 1.1, categories have emerged within eHealth to distinguish differ-
ent types of solutions such as telehealth, telemedicine, or mobile health,
even though their exact definitions vary between authors. According to
the classification of Doarn et al. [1], telehealth is understood as the elec-
tronic means used to provide clinical and non-clinical services outside the
usual medical facilities (i.e., outside clinics and medical practices). Within
telehealth, telemedicine is limited to the provision of remote clinical ser-
vices, typically for consultations via telephone or videoconference. Finally,
mobile health, or mHealth, refers to the “medical and public health prac-
tice supported by mobile devices” [2]. In addition to health applications
for smartphones or other portable devices, wearable medical devices are a
cornerstone of mHealth.
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Fig. 1.1 eHealth technological ecosystem, which emerges at the inter-
section of ICT and healthcare. Shades of blue distinguish the subcategories
of eHealth. Representative examples of each subcategory are displayed in
italics. This PhD dissertation focuses on mHealth and wearable devices (in
white).

1.1 Smart wearable devices

Wearable devices can be used as standalone systems or in combination
with a smartphone to monitor physiological parameters and provide feed-
back regarding the health status of the wearer. A wide range of wear-
able devices already exist, with different shapes and sizes, from skin ad-
hesive patches, to accessories such as watches or headbands, whole pieces
of electronic-embedded clothing, or even composite systems [3]. Motion
and fitness trackers for measuring the physical activity [4, 5] have been the
main driver of commercially-available wearable devices, but other types
of applications have since emerged in the industry or in research. Some
examples of wearable devices are, among many others, glucose sensors for
diabetic patients [6], cardiac monitors to detect arrhythmia [7] or posture
monitoring garments [8].

Regardless of the sensor type or application, electronic systems are the
backbone of wearable devices [9]. Those systems are composed of sev-
eral circuit subparts, as shown in Fig. 1.2. They are capable of acquiring
signals related to biophysical or biochemical processes using an analog
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front-end (AFE), sometimes preceded by a transducer [10]. Typically, in
the AFE, the signal is first amplified and filtered by an instrumentation
amplifier (IA), which also provides a high input impedance and rejects un-
wanted artefacts such as electrode offset or common-mode interference.
An analog-to-digital converter (ADC) then samples and quantizes the sig-
nal. The digitized signals can often be transmitted wirelessly relying on
standard protocols such as Bluetooth, or using an ad hoc communication
scheme. Most devices are battery-powered, but solutions based on envi-
ronmental energy harvesting (e.g., thermal, motion or photovoltaic) are
also emerging [11]. Some devices embed local processing in a digital back-
end (DBE) unit that allows to pre-process the acquired signal and possibly
extract relevant information [9]. The DBE can be implemented using a cen-
tral processing unit (CPU) with one or several cores executing software,
or with application-specific logic circuits performing fixed tasks. All these
functions of acquisition, processing, power management and communica-
tion are usually combined in one or several integrated circuits (IC), built
in the majority of cases with complementary metal-oxide-semiconductor
(CMOS) technology. Additional features such as display, user interfaces or
actuators can be present in some cases, e.g., in smartwatches. The architec-
ture illustrated in Fig. 1.2 is a typical example of Internet-of-Things (IoT)
sensor devices, commonly used to gather, process and transmit data in a
large variety of applications.

Electronic systems in wearable medical devices can record many differ-
ent types of signals, with specific readout circuits in the AFE [10]. Within
these signals, direct electric measurements include the measurement of
biopotentials such as in the electrocardiogram (ECG) for cardiac activity,
electroencephalogram (EEG) for brain waves, electromyogram (EMG) for
muscle activation, or electrooculogram (EOG) for eye movements. Other
electric measurements target the tissue impedance such as in bioimpedance
measurement (BioZ) for respiration or galvanic skin response (GSR) to de-
tect sweating. Some signal modalities require the use of transducers to
convert the information from different physical domains such as optical
signals in photoplethysmography (PPG) for blood oxygenation, or chemi-
cal signals for sensing biomolecules such as glucose or sweat electrolytes.

The monitoring of those physiological parameters continuously gener-
ates large amounts of data. For example, one day of recording typically
represents from a few MB’s (e.g., 3.3 MB for chest BioZ measurement with
single 20-bit channel at 16 Hz [12]), to several GB’s (e.g., 10.3 GB for 8-
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Fig. 1.2 Generic wearable device architecture. Electronic systems, and
integrated circuits in particular, are the centerpiece of wearable sensor sys-
tems. Wearable devices interact with the wearer in various ways to gather
information and provide feedback. They may be connected to the cloud
for information storage, either directly or through a gateway smartphone.
Optional components are framed with dashed lines.

channel 16-bit EMG recording at 8 kHz [13]). In the case of data acqui-
sition systems with wireless communication, the transmission of the data
requires a significant amount of power, often accounting for a large frac-
tion of the device power budget [14]. For instance, energy intensity for
short range communication such as Bluetooth Low Energy is in the order
of a few nJ’s per transmitted bit, as demonstrated with the latest Renesas
transceiver which achieves 4 nJ/bit [15]. In the previous examples, this
corresponds to an average power consumption for wireless transmission
from 1.3 µW to 4.1 mW without taking payload overheads into account.
When small batteries or energy harvesting are used as a power supply,
this often exceeds the power budget of wearable systems which can be as
low as a few µW’s on average [11]. Other ad hoc communication schemes
have been reported with energy efficiencies 10 to 100× higher, at the cost of
shorter range, lower robustness, larger bandwidth, or the need for custom
receiver gateways [16, 17, 18]. On top of that, the transmitted data needs
to be transferred, stored, and analyzed downstream, either manually by a
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clinician or using dedicated software on a computer or in the cloud. As-
suming a large deployment of these wearable devices, along with other IoT
devices, the ensuing data deluge will require a massive network and data-
center infrastructure [19]. In addition to the technical challenges of manag-
ing this increasing volume of data, the transfer, storage and processing of
the data in the network and datacenters necessitates significant amounts
of energy, and contributes to the environmental footprint of the ICT sec-
tor [20, 21]. To avoid these issues, an alternative is to embed the processing
of the data directly on the wearable device [9, 22, 23]. This processing al-
lows to directly infer the relevant clinical information, i.e., identify unusual
events, classify normal and abnormal observations, or deduce physiologi-
cal state from measured signals, so that only that meaningful information
is stored or transmitted.

Local processing of the acquired data comes at the cost of embedding
additional computing resources. The choice of processing algorithm de-
pends on the type of signals and information to be retrieved. It ranges
from simple signal thresholding [24], to Fourier transform for frequency
analysis [25], or complex neural networks for event detection and classifi-
cation [26], for example. While the use of edge processing can help reduce
the power consumption of data transfers, it also has adverse effects. Firstly,
new functionalities may require additional circuits and components, or in-
crease the required silicon area. This increase in the device complexity
impacts the production of the device, which requires more resources and
energy to manufacture. When using the methodology and data from Pir-
son and Bol [27], the production carbon footprint of a basic monitoring
wearable device can be estimated at approximately 1 kgCO2e of green-
house gas (GHG) emissions1, as shown in Fig. 1.3. This order of magnitude
is also confirmed by Kokare [28] for cardiac monitoring devices. Embed-
ding computing resources for advanced local processing can increase by
up to 4× the total footprint due to the required processor and memories
in extreme cases [27]. Limiting the necessary hardware resources and inte-
grating functionalities on a single chip help reduce the bill of material, and
therefore mitigate the overall impact. Secondly, the device becomes ded-
icated to only a specific task defined by the processing algorithm. Com-
pared to a device which transmits all the raw data, information may be

1While this footprint may seem reasonable, it is associated with a lot of variability, from
the actual design specificities and from the environmental characterization databases. The
total footprint also highly depends on the deployment scenario and the quantity of devices
produced.
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Fig. 1.3 Wearable device production carbon footprint. The carbon foot-
print for each component is estimated from [27], using hardware specifica-
tion level (HSL) 0 for the processing, memory, PCB and others, and HSL 1
for the connectivity, power, user interface and casing. In the case of light
and intensive local processing, HSL 1 and 2 are chosen respectively for the
memory and processing, which corresponds to increasing levels of com-
puting resources, e.g., up to for very large neural networks for HSL 2.

lost when only some features are transmitted. While this is not an issue
as long as the extracted features correspond to the expected medical in-
formation, clinical guidelines may change and render the device obsolete,
leading to its disposal. This reduces the service lifetime of the devices, in-
creases the replacement rate, and leads to a proportional increase in the
device footprint. Enabling upgrades of the processing task helps avoid-
ing replacement of the device and contributes to preventing obsolescence.
Thirdly, computing resources require energy to operate, therefore drain-
ing the batteries faster and necessitating larger energy capacity. Batteries
have a detrimental impact on the environment and account for 5 to 20%
of the environmental footprint of electronic devices [27, 28, 29], depending
on their capacity. Optimization of the power consumption is therefore an
essential aspect of wearable device design both for the patient comfort but
also for environmental concerns.

1.2 Embedded processing in cardiac monitoring devices

The monitoring of cardiac activity through the acquisition of ECG signals
is one of the most prevalent tasks in wearable devices, both in commercial
devices and in research. Heart rate information is useful in many appli-
cations such as tracking of physical activity, stress or sleep patterns [10].
More advanced processing of the signals is also useful for the diagnosis of
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cardiovascular diseases, which are among the leading causes of death in
developed countries [30]. ECG signals are also relatively easy to record, as
the biopotential amplitudes recorded on the skin go up to 10 mV, which is
the largest amplitude compared to other non-invasive biopotential record-
ings [31]. Cardiac monitoring wearable devices have therefore benefited
from a wide range of research, from both hardware and software/algorithm
perspectives [10, 14, 32, 33], often with the goal of reducing power con-
sumption to increase the monitoring time span, or improving the pro-
cessing accuracy. Among all possible types of signal processing tasks for
ECG systems, beat-to-beat arrhythmia classification consists in attributing
a class to each individual beat with the objective to detect ectopic beats,
i.e., beats that occur outside the normal sinus rhythm. The target classes
are supraventricular (S) and ventricular (V) ectopic beats, and other "nor-
mal" non-ectopic beats (N). The frequency of occurrence of those abnormal
events provides relevant information in the diagnosis of underlying heart
conditions.

In this thesis, the use case of an ECG-based cardiac arrhythmia detection
and beat-to-beat classification system is targeted as a representative and
widespread example of wearable devices. In the system under considera-
tion shown in Fig. 1.4, a single-lead ECG signal is measured through adhe-
sive chest electrodes (2 differential signal electrodes and a reference elec-
trode). The natural biopotential generated by the heart muscle is acquired
by the AFE of the device using an IA and an ADC. The digitized signal
is processed in the DBE to detect the heartbeat, perform feature extraction
(FE) to measure relevant parameters from the signal, and classify each beat
with respect to the presence of cardiac arrhythmia using a support-vector
machine (SVM) classifier. At the output, the extracted information corre-
sponds to the class of each heartbeat (i.e., N, S or V). The system can be
supplied from a single supply voltage, with its internal voltages, clocks
and references being generated in the clock and power management unit
(CPMU). The target system is a small-size adhesive patch placed on the
chest and supplied with batteries. Wireless communication can be used
to transfer the beat classes to the smartphone, e.g., using Bluetooth LE.
This work concentrates on the signal datapath in the AFE and DBE which
need to run continuously and are the major determinants of the system
inference accuracy. The challenge for this system lies in the high perfor-
mance required for the acquisition and processing task. Indeed, compared
to simple heart rate measurement, the acquisition of the signals requires
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Fig. 1.4 Arrhythmia classification use case. ECG biopotentials are digi-
tized by the AFE and processed in the DBE to infer the heartbeat class. This
PhD dissertation focuses on the signal acquisition and processing.

improved signal quality to distinguish the morphologies of the different
classes. The digital signal processing relies on complex machine-learning
algorithms that require significant computing resources. Finally, these ac-
quisition and processing tasks need to be performed in a limited power
budget to enable long-term monitoring and limit the battery size.

Long-term cardiac monitoring and arrhythmia detection based on wear-
able devices can be used for multiple purposes, each necessitating different
performance specifications. When used as an advanced diagnosis tool for
cardiac disorders with infrequent symptoms, more focus is given to the
classification performance, which requires a very high sensitivity to detect
rare events. More accurate patient-specific classification models may there-
fore be necessary. If the device is used for the screening of populations,
for enhancing prevention and identifying patients at risk, the constraints
on the classification performance are relaxed, but the size and comfort of
the device play an important role to ensure the patient compliance. Given
the larger number of devices required to screen large populations, e.g., all
people over the age of 50, the environmental impacts of those devices can
become a critical factor. In this PhD dissertation, we focus on the latter
use case, which emphasizes the need for low-power low-footprint devices
with a generic arrhythmia classification model.

Several patches for arrhythmia detection in long-term ECG monitoring
have been commercialized : Zio XT patch by iRhythms Technologies [34],
SEEQ sensor by Medtronic [35], ePatch by Philips BioTel Heart [36] or
Savvy ECG [37]. They can be worn from 7 to 30 days, therefore provid-
ing much longer monitoring time periods compared to traditional 24 or
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72-hour ambulatory ECG monitors. However, all these commercial ECG
monitoring patches rely on offline data processing in the cloud [38], which
impacts the power budget, latency and environmental footprint of the de-
vice. In the literature, embedded processing of the acquired signal has been
used to reduce the amount of data transferred. In particular, hardware
implementations of beat-to-beat classification systems are usually based
on application-specific integrated circuits (ASIC) that provide enhanced
energy efficiency [39, 40]. ASIC implementations however often come at
the cost of limited flexibility, which can induce obsolescence issues as up-
grades are not possible when the embedded task is outdated in the current
medical practice context. On the other hand, biomedical systems based on
microcontroller units (MCU) provide increased versatility but have a total
power consumption which is orders of magnitude higher than their ASIC
counterparts [41, 42]. Additionally, such MCUs have only been demon-
strated with simpler processing tasks such as detection of heartbeats and ir-
regular rhythm [43, 44]. Ultra-low-power (ULP) implementations of MCUs
may bridge the gap between the required complexity of advanced biomed-
ical processing algorithms, high energy efficiency for limited power budget
and upgradability to avoid obsolescence. The first question addressed in
this thesis is therefore:

Question 1 Can ULP MCUs enable complex on-chip real-time signal process-
ing such as beat-to-beat arrhythmia classification, within a limited power budget
of a few µW’s?

1.3 Optimization of block-level performance trade-offs for
hierarchical system design

In electronic sensor systems, the top-level system performance is a func-
tion of the local specifications of its constituents, in the analog or digital
domains, in hardware or software. An obvious example is the total power
consumption of the system which is equal to the sum of the power con-
sumption of each individual block. Another less trivial example is the
global inference accuracy which depends non-linearly on the signal acqui-
sition quality (e.g., intrinsic noise, distortion, resolution) and the process-
ing complexity (e.g., data representation, number of operations, size of the
model). In order to improve the system performance, the most common
approach is to optimize individually each circuit constituting the electronic
system, either to reduce their power consumption or improve some of their
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performance metrics. For analog circuits, this improvement is typically ob-
tained by proposing new circuit topologies or optimized sizing. For digital
components, it is achieved by improving the algorithms, optimizing the
software implementation or proposing new circuit architectures. However,
achieving high performance at the block-level does not necessarily trans-
late to optimal performance for the system. Indeed, improperly setting
the local specifications of the system components can lead to either non-
functional systems or overdesigned circuits with power and performance
overheads. Therefore, another approach, complementary to the previous
one, is rather to find the local specifications of the circuit blocks in the sys-
tem that optimize the global performance. In power-constrained applica-
tions such as the arrhythmia classification use case, finding the minimal
performance requirements for both analog and digital parts of the data
path could bring additional energy savings and reduce the battery size.

When optimizing several performance metrics of a circuit simultane-
ously, an optimal design is one for which it is not possible to improve one
metric without degrading another, as illustrated in Fig. 1.5. This design
point is known as a Pareto optimum. In many cases, several optima exist,
each corresponding to a different balance between performance objectives,
which corresponds to the Pareto optimal front. This situation is more com-
monly referred to as a trade-off between several specifications and is often
encountered by IC designers. For example, the noise level in an amplifier,
the resolution of an ADC or the complexity of a processing algorithm are
all in conflict with the power consumption of their respective blocks. When
the Pareto curves of the constituting circuits are known, the optimization
task at the system level becomes a question of choosing the appropriate
point along the curve to balance the local performance specifications of the
different blocks and reach a global optimum.

Hierarchical design methodologies have been applied to analog systems
to relate local performance at the block-level with top-level system specifi-
cations [45]. The most common ones are the bottom-up and top-down de-
sign approaches [46], which have been revisited to ensure feasibility and
improve optimality, such as in the multi-objective bottom-up methodol-
ogy [47] or feasibility modeling with top-down constrained design [48]. To
the best of our knowledge, most of these hierarchical design methodologies
aim at finding a feasible and functional system design that meets a number
of constraints, but not to the optimization of the overall performance. Ad-
ditionally, none of these have been applied to complex mixed-signal sys-
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Fig. 1.5 Performance trade-offs in sensor systems. Local performance
trade-offs propagate from constituting blocks to the top level and define
the Pareto curve of the system. The blocks in the system are distributed in
different domains: analog/digital and hardware/software.

tems, across large analog and digital domains. The increased complexity
and heterogeneity of complex sensor systems introduces new challenges
in the propagation of performance and constraints between the levels of
hierarchy. Indeed, the relationship between signal quality in the AFE and
processing performance in the DBE is highly non-linear and hardly pre-
dictable. Analog and digital blocks, including algorithm design, rely on
very different design and simulation tools that deal with different signal
representations. The number of degrees of freedom for the design increases
with the circuit size and tends to increase the optimization complexity. In
order to address this cross-domain optimization problem, the second ques-
tion that we raise in this thesis is :

Question 2 How can we tune the block-level performance requirements in or-
der to minimize the system power consumption while maintaining the inference
accuracy in complex mixed-signal sensor systems?

1.4 Systemic approach to environmental sustainability

In electronic systems, the design of smart ultra-low-power highly-inte-
grated sensors has often been considered as an important R&D avenue
to providing environmentally sustainable technologies [49, 50]. In this
work, this is exemplified by on-board processing to limit energy-hungry
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data transfers, low-power operation to reduce the battery size, and re-
programmable MCUs for limiting device obsolescence. On top of that,
the digitalization and virtualization enabled by the deployment of ICT in-
frastructure in many different sectors such as work, retail, agriculture or
transport have proved useful in substituting or optimizing some aspects
of their activities to reduce the environmental footprint. The combination
of efficiency improvements in electronic equipments and the optimization
possibilities offered by digital technologies is usually considered as hav-
ing a positive outcome for the environment [51]. However, due to ad-
verse secondary effects such as obsolescence, induced consumption, or
systemic rebound effects, concerns are being expressed regarding the ac-
tual environmental footprint reduction brought by ICT in the current con-
text [51, 52, 53]. In order to better understand the global balance between
positive and negative impacts of digitalization, this calls for more com-
prehensive and systemic considerations of environmental impacts in the
different sectors.

Similarly in healthcare, the emergence of eHealth and mHealth is pri-
marily seen as a promising solution for mitigating the environmental im-
pacts of the medical sector [54]. Healthcare is a socio-economically im-
portant sector which has a significant environmental footprint. For ex-
ample, in developed countries, the healthcare sector footprint accounts
for 3.3 to 8.1% of national carbon footprints [55], and hospitals generate
large amounts of liquid and solid waste, around 800 L/bed/day and 2-
4 kg/bed/day respectively [56]. The digitalization of healthcare, includ-
ing the emergence of mHealth technologies, has been considered as an
important lever for the reduction of these impacts. Some studies have in-
deed estimated the savings of GHG emissions provided by eHealth ap-
plications such as telemedicine or electronic medical records [57, 58]. On
the other hand, the production, use, and disposal of these new electronic
devices and ICT infrastructure also comes with direct environmental im-
pacts [28, 59, 60]. Additionally, the negative indirect effects such as re-
bound effects, obsolescence, or other structural changes, are often over-
looked. Overall, the research efforts to better understand the positive and
negative environmental impacts of emerging mHealth technologies remain
limited and disparate, and they fail to evaluate mHealth as a whole system.
It is therefore still uncertain whether the overall balance will tip in the di-
rection of an increase or decrease of the sector impacts. Given the urgent
need to address the environmental impacts in all sectors, including health-
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care and ICT, this uncertainty is a bottleneck in the proper anticipation of
the future impacts of these new technologies.

mHealth devices differ significantly from traditional medical devices.
The usual approaches for environmental assessment of medical equipment
may therefore miss important characteristics. For instance, wearable de-
vices rely primarily on electronics, whose complex fabrication processes
require lots of energy and resources proportionally to the device size, and
induce large environmental impacts [27, 61]. Their connectivity and ubiq-
uity enable them by design to be used outside the usual medical settings,
which multiplies the possible use cases and leaves them outside traditional
medical or regulatory oversight. Regarding their business model, while
traditional medical devices are only bought upon request of the doctor,
some wearable devices such as smartwatches, fitness trackers and other
wellness-related devices are mainly acquired on individual initiative like
other consumer electronics. Finally, according to some projections [62],
these technologies are expected to be adopted at a very large scale, with
impacts increasing proportionally. Given their specific characteristics and
the potential scale of deployment and impacts, mHealth technologies have
the potential to be a significant driver of healthcare environmental impacts,
be it in a positive or negative direction. In order to properly anticipate the
outcome of their adoption, the third question addressed in this thesis is:

Question 3 How can we assess whether mHealth technologies contribute to the
environmental sustainability of the healthcare system?

1.5 Thesis outline

This thesis explores the optimization of CMOS integrated circuits for bio-
medical sensor systems, across multiple domains, analog/digital and hard-
ware/software, and several abstraction layers from circuits to applications.
The contributions and the tentative answers to the questions raised previ-
ously are divided in the following chapters, each addressing different lev-
els of the abstraction hierarchy as shown in Fig. 1.6. Firstly, to address the
challenges of managing the large quantities of data generated by wearable
devices, Chapter 2 evaluates the potential of ULP MCUs to implement on-
board processing with a limited energy overhead and improved upgrad-
ability. As a use case, the design of a cardiac arrhythmia classification sys-
tem on a custom ULP MCU is described. Analog and digital blocks in the
proposed system are optimized at the circuit-level. Secondly, we investi-
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Fig. 1.6 Circuits and systems abstraction layers. Each chapter explores
different parts of the abstraction hierarchy.

gate the minimization of the power consumption of the system to enable
the reduction of the battery capacity. At the system-level, a cross-domain
hierarchical optimization method which aims at optimizing the perfor-
mance specifications of the individual circuit blocks is therefore presented,
focusing on the cardiac arrhythmia classification system as a use case. The
method relies on the modeling of power and performance trade-offs of the
circuit, which is achieved in Chapter 3 using different approaches. Based
on these these models, the block-level performance requirement are opti-
mized numerically in Chapter 4 to find the global minimum of the sys-
tem power consumption. Finally, working on the efficiency optimization
of electronic devices is the usual first step to make mHealth systems sus-
tainable, but tends to overlook secondary effects. We therefore question
the current approach to sustainability of mHealth systems to include more
systemic considerations in Chapter 5.

Chapter 2 As a baseline system for the cross-domain and cross-layer op-
timization methodology, we start by designing an electronic sensor sys-
tem for wearable cardiac monitoring. While previous works focused on
ASIC implementations or limited on-chip processing, we discuss the im-
plementation of a complete beat-to-beat arrhythmia classification system
on a custom ULP MCU. The architecture of the system is similar to the use
case presented in Section 1.2. It includes a single-channel AFE circuit for
ECG signal acquisition, and a DBE processor to execute the SVM classi-
fication software with a Cortex-M4 CPU. The low-noise instrumentation
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amplifier in the AFE consumes 1.4 µW and has an input-referred noise of
0.9 µV RMS. The all-digital time-based ADC achieves 10-bit effective res-
olution over a 250-Hz bandwidth with an area of only 900 µm2. The clas-
sification software reaches a sensitivity of 82.6% and 88.9% for supraven-
tricular and ventricular arrhythmias respectively on the MIT-BIH arrhyth-
mia database. The proposed system has been prototyped on the Sleep-
Rider SoC, a 28-nm fully-depleted silicon on insulator (FD-SOI) chip, with
a core area of 0.94 mm2. The ULP MCU achieves an energy efficiency of
5.5 µW/MHz. When performing the arrhythmia classification, the system
consumes 13.1 µW on average from a 1.8-V supply. This work is the first to
document the end-to-end implementation of a cardiac arrhythmia classifi-
cation system on an ULP MCU, with limited energy overhead compared
to ASIC counterparts and increased versatility. The results in this chapter
have been presented in [CP3] for the overall MCU design and [JP4] for the
specificities of the arrhythmia classification system.

Chapter 3 Starting from the baseline arrhythmia classification system im-
plemented in the first chapter, the power and performance trade-offs of its
constituting circuit blocks are modeled. After reviewing the methodolo-
gies previously proposed in the literature, we compare several approaches
by applying them to the respective circuits of the target system. Analytical
modeling is used to extract the Pareto curve of the ADC regarding reso-
lution and sampling frequency. A numerical simulation-based approach
is used to model the power and noise trade-off of the IA using a multi-
objective genetic optimization algorithm. These analytical and numerical
approaches are validated experimentally by implementing AFE prototypes
with configurable Pareto-optimal performance for the IA and ADC. The
configurable IA and ADC achieve a performance of respectively 0.17 to
1 µV RMS of input-referred noise, and 8 to 12 bits of resolution. Finally, the
evaluation of the inference accuracy of the SVM classification software is
optimized for efficient hardware-aware execution. The different modeling
approaches are finally compared to highlight their respective advantages
and disadvantages, e.g., in terms of accuracy, ease of implementation or
execution time, and to identify in which situations they are most suitable.
The IA genetic optimization, modeling, and configurability implementa-
tion have been published previously in [JP1].

Chapter 4 The local performance requirements of the individual blocks
in the arrhythmia classification system are optimized in order to minimize
the total power consumption while maintaining a high inference accu-
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racy. Contrary to previous hierarchical design methodologies which are
either suboptimal or require lots of simulations, the approach that we pro-
pose aims at providing a global performance optimum while relying on
a limited number of time-consuming simulations, even for large mixed-
signal systems. Firstly, performance macromodels of the individual blocks
are generated and combined in a parametrized model for simulating the
system power and inference performance. The parametrization is based
on the performance trade-offs modeled in Chapter 3. Secondly, this sys-
tem macromodel is used to find the global power minimum while lim-
iting the degradation of the inference accuracy. This minimization prob-
lem is solved numerically using the gradient-based SLSQP optimization
algorithm [63]. The results of the numerical optimization show that the
proposed methodology enables the optimization of complex mixed-signal
systems, across analog/digital and hardware/software domains. In the ar-
rhythmia classification use case, the optimization results show a reduction
of the power consumption between 19 and 84% depending on the starting
point performance. In the nominal case, the final power consumption is
3.3 µW, while keeping the error rate degradation below 50% from its base-
line. The advantages and limitations of the proposed cross-domain system
optimization methodology, regarding execution time, convergence, or pa-
rameter definition, are finally discussed.

Chapter 5 As a step back from the energy efficiency optimization of wear-
able devices, this last chapter looks at the mHealth system as a whole and
its impacts on the environmental sustainability of the healthcare sector.
While eHealth and mHealth are often considered as levers for acting on
the environmental impacts of healthcare, the systemic changes induced by
these new technologies are often neglected. Our systematic review of the
scientific literature explores the considerations on environmental sustain-
ability of mHealth technologies. The selection of relevant articles is per-
formed according to the PRISMA methodology and an overview of the
articles addressing this subject is provided. The considerations regarding
environmental impacts are analyzed through a content analysis along three
dimensions: the scope of the system whose impacts are considered, the di-
rect or indirect nature of these impacts and the indicators used to character-
ize them. The results of this analysis highlight the limitations of the current
environmental sustainability evaluations in the literature. They show that
mHealth environmental sustainability literature is still in its early stages
and barely addresses the specificities of mHealth devices. More impor-
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tantly, the impacts of mHealth at the system level are only considered pos-
itively, either through the reduction of transportation or the optimization
of care procedures, but overlook many potential indirect impacts. To ad-
dress these limitations, we use the LES model of Hilty and Aebischer [51],
originally from the field of ICT, and apply it to mHealth systems in or-
der to provide the first system-level prospective analysis of their impacts.
We illustrate the systemic impacts of wearable devices through examples
inspired from the literature. The review part of this chapter extends the
work published in [JP3] and [CP4] regarding the aspects of ICT and envi-
ronmental impacts.
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2.1 System-on-chips for cardiac arrhythmia classification

Cardiovascular diseases (CVD) are the leading cause of death and disabil-
ity worldwide, especially in developed countries [30]. Among those, car-
diac arrhythmias are associated with an increased risk of stroke and sud-
den cardiac death [64]. In order to diagnose heart diseases, one of the most
effective tools is the electrocardiogram (ECG) which measures the electri-
cal activity of the heart. However, due to the infrequent nature of arrhyth-
mia events, long-term monitoring using a wearable device, as described in
Chapter 1, is often necessary to observe them. Nevertheless, being able to
use monitoring devices during the patient’s daily activities imposes strin-
gent requirements on their signal quality, size, and power consumption.
To avoid the need for transmitting or storing very large amounts of data,
real-time processing of the ECG signal to detect cardiac arrhythmias has
emerged as a solution to extract only the relevant information when ab-
normal events occur [65, 66, 67].

System-on-chips (SoCs) for arrhythmia detection typically consist of an
analog front-end (AFE) circuit which interfaces the electrodes and acquires
the signal, and a digital back-end (DBE) processor which processes the
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Fig. 2.1 Architecture of the arrhythmia classification system. The top
schematic illustrates the hardware components of the SoC (a). The bottom
block diagram describes the software execution in the DBE (b), along with
the off-line training process (c). The blue color highlights the ECG sig-
nal input and the output inferred beat classes (N, S or V for normal beat,
supraventricular, or ventricular arrhythmia, respectively).

data, as shown in Fig. 2.1. In the AFE, the main challenge is to improve the
trade-off between noise and power consumption, while avoiding artefacts
thanks to large input impedance, low distortion, and high rejection of both
common-mode signals and differential electrode offset. In the DBE, the
challenge resides in implementing a classification software usually based
on computationally-intensive machine-learning algorithms on a platform
with low hardware resources.
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While most previous works have focused on optimizing only a part of
the system, some have proposed full mixed-signal SoCs with both ana-
log acquisition and digital processing capabilities [41, 42, 43, 65, 66, 68, 69,
70]. Sub-µW power consumption in the AFE has been achieved by data-
dependent reconfigurable performance [68], relaxed noise and quantiza-
tion constraints [43, 69], or power-efficient topologies such as current-reuse
ones [65]. In the DBE, custom logic circuits with fixed hardware are often
used to minimize the classification energy [65, 69, 70]. Chen et al. [43] and
Lee et al. [66] have presented low-power programmable DBEs based on a
CPU or a neural network accelerator, respectively. However, the demon-
strated arrhythmia detection task is limited to the discrimination of ab-
normal rhythm with coarse temporal resolution. Others such as Schönle et
al. [41] or Song et al. [42] proposed versatile SoCs including several biomed-
ical front-ends as well as general purpose processors for signal processing.
They however do not discuss the tasks performed by the DBE, and a full
end-to-end performance evaluation is hence lacking.

As detailed in Chapter 1, the power consumption, upgradability and
complexity of the circuits used for local data processing have an impact
on the environmental sustainability of the wearable devices. While sys-
tems based on a microcontroller unit (MCU) benefit from the inherent soft-
ware upgradability to reduce the risk of obsolescence, they are often out-
performed by their ASIC counterparts in terms of energy efficiency and
real-time execution. The total average power corresponds the sum of the
power consumption in the analog block and digital blocks, which depends
in turn on the energy efficiency of the hardware, and the complexity of
the algorithm and its implementation efficiency in software. The global
inference performance depends on the signal quality achieved in the AFE
and on the detection and classification performance of the algorithm in
the DBE. Any suboptimal component, in terms of power consumption or
performance, would be detrimental to the global system. Bridging this per-
formance gap for MCUs thus requires optimizing both the AFE and DBE,
at the circuit-level for hardware and software aspects, with a high-level
application-centred perspective.

In this chapter, we present a mixed-signal ECG SoC for arrhythmia clas-
sification based on an ultra-low-power (ULP) MCU. This approach com-
bines a low average power consumption of 13.1 µW with high and ver-
satile computing resources to perform advanced processing tasks such as
beat-to-beat arrhythmia classification. To the best of our knowledge, this
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is the first work documenting the implementation of an ECG beat-to-beat
classification system on an MCU covering hardware and software aspects,
including machine-learning algorithm design. Section 2.2 defines the tar-
get arrhythmia classification system. The architecture of the custom ULP
MCU is described in Section 2.3. In Section 2.4, the design of the amplifier
and ADC in the AFE is described, focusing on low noise and low power
performance. Section 2.5 details the implementation of the classification
software executed on the MCU. The measurement results of the prototype
chip are provided in Section 2.6 for the AFE and DBE separately, and then
for the whole system. The ULP MCU and arrhythmia classification system
were presented in [CP3] and [JP4], respectively.

2.2 Proposed arrhythmia classification system

The proposed ECG arrhythmia classification system is embedded in the
SleepRider MCU SoC [CP3], as shown in Fig. 2.1(a). A pair of chest gel
electrodes are connected to the differential input of the instrumentation
amplifier (IA) in the AFE. A third electrode is used to set the patient refer-
ence voltage through an off-chip buffer. The input signal, whose amplitude
is only a few mV’s for chest recordings, is amplified by the IA, featuring a
current-balancing topology with chopper modulation similar to [JP1]. The
differential output of the IA is digitized at 250 Hz using two single-ended
time-based ADCs with 14-bit resolution. The acquired samples are tem-
porarily stored in the SRAM data memory by the direct memory access
(DMA) module while the system is in sleep mode and the DBE is inactive.
When 128 samples have been stored in the memory (approximately every
0.5 s), the ARM Cortex M4 CPU inside the DBE wakes up and processes the
data. A clock and power management unit (CPMU) provides a reference
current, a low-frequency peripheral clock at 4 MHz and a high-frequency
clock for the DBE at 64 MHz, and several low-voltage internal supplies for
the different blocks

Within each batch of data from the DMA, samples are processed one at
a time in the DBE as illustrated in Fig. 2.1(b), starting with the heartbeat
detection algorithm from Pan and Tompkins [71]. As shown in Fig. 2.2,
the beat detection consists in signal filtering and derivation to enhance the
sharp edges, followed by peak detection rules with an adaptive thresh-
old for robustness against noise. When a beat is detected, a vector of fea-
tures based on the beat intervals, the downsampled signal, and wavelet
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Fig. 2.2 Block diagram of the Pan and Tompkins algorithm [71], applied
on the acquired samples from the AFE.

Table 2.1 Mapping of beat classes. Target classes are those considered
in this work. Annotations correspond to the labels in the PhysioBank data-
base [73].

Target class Beat annotation

"Normal" non-ectopic beat (N) Normal beat
Left or right bundle branch block beat
Atrial or nodal escape beat

Supraventricular ectopic beat (S) Atrial premature beat
Nodal escape beat
Supraventricular escape beat

Ventricular ectopic beat (V) Premature ventricular contraction
Ventricular escape beat
Fusion of ventricular and normal beat

Discarded (Q) Paced beat
Unclassified beat

transform coefficients is extracted. A hierarchical support-vector machine
(SVM) shown in Fig. 2.1(b) with a radial basis function (RBF) kernel clas-
sifies the heartbeat as a normal beat, a supraventricular ectopic beat, or
a ventricular ectopic beat (respectively N, S, or V beats), corresponding
to the classes defined by the Association for the Advancement of Med-
ical Instrumentation [72]. Table 2.1 shows the mapping between Phys-
ioBank annotations corresponding to heartbeat abnormalities and the tar-
geted classes [73, 74].

The classification model training is performed off-line (Fig. 2.1(c)). The
MIT-BIH arrhythmia database [75], which consists in 48 30-minute records
with beat-specific annotations, is used for algorithm design and validation.
While two channels are available in the database, only the modified limb II
(MLII) lead is used in this work. The training and testing sets are made up
of 22 records each following the dataset partition (DS1/DS2) and N/S/V
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labelling of de Chazal et al. [74] (4 paced records are discarded). The train-
ing and cross-validation of the classifier follow the inter-patient scheme
to avoid the optimistic bias of intra-patient training. Feature selection im-
proves the inference performance and reduces the computational complex-
ity for the SVM. It uses a greedy wrapper scheme with a sequential forward
floating search (SFFS) algorithm [76]. To reduce the memory requirements
of the SVM algorithm, a pruning step is added to reduce the number of
support vectors using the separable case approximation (SCA) [77].

2.3 Ultra-low-power microcontroller design

The proposed ULP MCU was designed in collaboration with the following re-
searchers from the Electronic Circuits and Systems group (ICTEAM - UCLou-
vain): Maxime Schramme, Martin Lefebvre, Adrian Kneip, Roghayeh Saeidi,
Mathieu Xhonneux, Ludovic Moreau, Marco Gonzalez, and Thibault Pirson.

The architecture of the proposed MCU, codenamed SleepRider, is built
around an ARM Cortex-M4 processor with several digital interfaces such
as timers, DMA or off-chip communication peripherals (Fig. 2.3). The
memory includes two 16-kB custom ULP SRAMs with ultra-low leakage
(ULL) in sleep and two 32-kB high-density (HD) foundry SRAMs for in-
creased memory capacity. The AFE includes an IA and a dual ADC with
a differential input. The CPMU generates all clocks and ultra-low-voltage
(ULV) supplies from internal references. Adaptive back-biasing (ABB) is
performed for the compensation of process, voltage, and temperature (PVT)
variations.

In order to reduce the need for external components and to rely on a sin-
gle 1.8-V supply (VDDIO), switched-capacitor voltage regulators (SCVRs)
generate three internal voltage supplies, respectively at 0.4 V (VDDL) for
the logic, 0.5 V (VDDM) for the ULP SRAMs and 0.8 V (VDDH) primarily
for HD SRAMs. Negative charge pumps (CPs) generate a negative supply
at 0.2 V (VSSN) in active mode used by the ULP SRAMs. The comparators,
control logic and local oscillator (LO) of the SCVRs use an auxiliary 0.9-
V supply voltage (VDDI) from a high drop-out linear regulator. In sleep
mode, the SCVR clock switches from the LO to a 500-kHz reference clock.

Operation at ULV for the digital logic allows to save power, at the cost
of increased delays and sensitivity to PVT variations. In FD-SOI technolo-
gies, the back-bias (BB) voltages can be used as an additional tuning knob
to change the speed and leakage trade-off of digital gates thanks to adap-
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Fig. 2.3 SleepRider MCU architecture. Colored triangles identify the
voltage domains. Sleep-mode status is indicated by dashed or solid lines.
Digital logic and ULP SRAMs retain data in sleep mode.

tive back-biasing (ABB) methods. In particular, the unified frequency and
back-bias regulation (UFBBR) technique efficiently compensates for PVT
variations that affect both logic speed and N/PMOS imbalance [JP2]. How-
ever, the coupling between BBN and BBP (i.e. NMOS/PMOS BB voltages)
due to the parasitic well capacitances threatens the stability of indepen-
dent BBN/BBP control loops. Instead, a unified dual-output frequency-
locked loop architecture shown in Fig. 2.4 is used, avoiding the need for
off-chip capacitors. Logic speed and imbalance are respectively sensed by
a tunable ring oscillator (TRO) – also used as the main system clock in ac-
tive mode – and N/PMOS-sensitive ROs. Digitally-controlled oscillators
driving switched-cap CPs perform fast proportional current actuation. The
proposed UFBBR is stable in all PVT corners and locks in 16 µs. In compar-
ison, the ABB from [78] performs only one control cycle in 14.9 µs which
leads to a much longer lock time.
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Fig. 2.4 UFBBR frequency-locked loop architecture. The UFBBR gen-
erates the main system clock MCLK and the back bias voltages in a single
control loop. Despite parasitic capacitances that couple BBN and BBP volt-
ages, the loop remains stable without the use of external capacitor.

Fig. 2.5 ULP SRAM. The proposed 7T bitcell (a) with NDR latch re-
quires boosted word line voltages to improve stability and write opera-
tions. SRAM leakage (b) is reduced thanks to zero back-bias and power
gating of the periphery.
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SRAM memories in microcontrollers often contribute significantly to the
system overall performance and power consumption. In particular, data
retention in sleep reduces the wake-up overhead, at the cost of increased
leakage which is detrimental at low activity duty-cycles. Negative-differ-
ential-resistance (NDR) latches have been used in ULP SRAMs for their
ABB compatibility and ULL data retention. Compared to [JP2], the ULP
SRAM uses a modified 7-transistor ULL bitcell with uniform 32-nm gate
length (Lg) and a PMOS-only write port (Fig. 2.5), providing 2.1× area and
15× leakage reduction in sleep. 2D sub-banking in 0.5-kB local arrays de-
creases the read access time by 1.5× and brings the mean read (resp. write)
access energy at 64 MHz down to 37 (resp. 26) fJ/bit. Finally, power gating
(PG) of the SRAM periphery brings its sleep power down to 0.98 nW/kB.

2.4 Analog front-end design

2.4.1 Low-noise instrumentation amplifier

The fully-differential current-balancing topology of the IA shown in Fig. 2.6
relies on a transconductance (Gm) and a transimpedance (Zm) stage. In the
Gm stage, the input differential voltage vin is copied by the flipped volt-
age follower (FVF) structure with transistors P1 and P2 across resistance
Ri, which induces a current difference between the left and right branches.
The FVF provides a unity gain with a large input range, while readily act-
ing as a current sensor [79]. The P3-P5 structure allows to lower the drain
voltage of P1 and improves the input dynamic range of the IA. The cur-
rent difference is copied to the Zm stage thanks to the P2-P6 current mirror
with current gain A and goes through resistor Ro to generate a differential
voltage. The total gain Av of the IA is defined by the product of the Gm,
Zm and A:

Gm =

(
gd,P1

gm,P1gm,P2
+ Ri

)−1
, (2.1)

A =
(W/L)P6

(W/L)P2
, (2.2)

Zm = Ro, (2.3)

Av = GmAZm =
(W/L)P6

(W/L)P2

Ro
gd,P1

gm,P1gm,P2
+ Ri

, (2.4)
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Fig. 2.6 Instrumentation amplifier circuit. In blue, the inputs vin are
connected to an off-chip high-pass filter and the output vout are connected
to the ADC. The DC bias voltages Vb,p/n and Vcas,p/n are generated by a
bias generation circuit from a reference current originating from the power
management unit.

with gm and gd the transistor transconductance and output conductance,
respectively.

The input of the IA is AC-coupled using an off-chip RC high-pass fil-
ter (HPF) to remove the low frequencies and near-DC differential electrode
offset. Chopper modulation is used to reduce the 1/f noise which domi-
nates in the bandwidth of the ECG signal. High common-mode rejection is
achieved by a fully differential architecture with common-centroid layout,
as well as chopper modulation. Feedback operational amplifiers are used
to match the Vds voltages of the P6 and P2 transistors.

The power consumption and input-referred noise (IRN) are optimized
using the genetic sizing algorithm described in Section 3.4. The optimal
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Fig. 2.7 Power-noise trade-off Pareto front in the IA. Optimal points
each represent a set of sizing parameters obtained by the genetic algorithm.
The dotted lines show constant-PEF contours at a 1.8-V supply.

power-noise trade-off obtained by the algorithm is shown in Fig. 2.7. A
higher supply voltage benefits the input dynamic range of the amplifier,
but requires the use of thick-oxide IO transistors. By sizing the P3 tran-
sistors for a larger Vgs, the available range increases from 0.66 V at a 1-V
supply to 1.55 V at 1.8 V as shown in Fig. 2.8. This helps avoid saturation
of the Gm in the presence of large common-mode external artefacts, e.g.
due to powerline interference or patient motion. Compared to a design at
a 1-V supply, the optimal Pareto-front in Fig. 2.7 is shifted to the right at
a 1.8× higher power consumption corresponding to the change in supply.
Only a limited degradation in the noise performance arises from the use of
IO transistors with a +13% increase in power efficiency factor (PEF). The
power loss due to the higher supply voltage is also mitigated by avoiding
power conversion losses in the CPMU.

As shown in Fig. 2.7, the chosen design point corresponds to an IA
power of 1.28 µW and an IRN of 0.9 µV RMS. The noise efficiency fac-
tor (NEF) and power efficiency factor (PEF) are commonly used metrics to
evaluate the noise-power trade-offs in amplifiers and are defined as

PEF = NEF2 ×Vdd =
2v2

nPtot

VT4kBTπBW
(2.5)
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Fig. 2.8 Input dynamic range of the IA. Input dynamic range is limited
by the Vgs of P3 and scales linearly with the supply voltage.

with Vdd the supply voltage, vn the RMS IRN, kB the Boltzmann constant,
Ptot the total power of the IA, T the temperature and BW the noise evalua-
tion bandwidth. The proposed amplifier achieves an NEF of 3.1 and a PEF
of 15.3. The noise and power are dominated by the input Gm stage with a
power consumption of 1.2 µW and 0.86 µV IRN. The noise is mostly due
to the N1 (106µm/5.1µm), P1 (380µm/1.7µm), and Ri (48kΩ) devices with
respectively 41%, 31%, and 12% of the total IA noise power. An additional
100 nW is consumed in the bias generation circuit for generating Vcas and
Vb, which can be shared across several IAs in the case of a multi-channel
AFE. The on-chip clock and current reference in the CPMU has a power of
520 nW and is used for the IA and several modules in the SoC. The design
functionality has been verified for robustness against local mismatch and
across process, voltage and temperature corners.

2.4.2 Time-based ADC

The differential signal at the output of the IA is digitized by two single-
ended time-based ADCs. As shown in Fig. 2.9, a voltage-controlled ring
oscillator (VCRO) performs the voltage-to-time domain conversion. The
phase of the oscillator is integrated by a counter and successive samples
from the counter are differentiated to obtain the frequency information.
The main advantage of time-based ADCs is that they can be implemented
as digital-only modules using foundry standard cells resulting in a limited
design effort and low area. ULV operation at 0.4 V is used to reduce the
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Fig. 2.9 Time-based ADC circuit. Oscillating frequency of the back-bias
controlled oscillator is controlled by the input voltage Vin. The phase of the
BBCO output clock is integrated by an asynchronous counter.

energy per cycle in the VCRO and the switching power in the counter.

Assuming a linear VCRO transfer function with gain Kvcro and free-
running frequency f0, the output digital signal of the ADC is equal to:

y[n] =
⌊( ∫ nTs

(n−1)Ts
f0 + KvcroVin(t) dt

)
+ eq[n− 1]

⌋
(2.6)

where Vin is the ADC input voltage, Ts is the sampling period and eq[n− 1]
is the quantization error from the previous sample, which leads to intrinsic
first-order noise shaping as the VCRO is not reset. Additionally, due to
the absence of a sample and hold, the integrating property of the VCRO
also leads to low-pass filtering of the input signal, which helps for anti-
aliasing [80].

The main bottleneck of VCRO-based ADCs, especially when operating
at ULV in the near-threshold region, is the non-linearity of the voltage-
to-frequency conversion. A typical current-starved ring oscillator (CSRO)
has a strongly non-linear transfer function which strongly limits the input
dynamic range as illustrated in Fig. 2.10. Previous works have dealt with
this issue by adding a feedback loop to reduce the input swing of the sig-
nal [81]. In this work, we take advantage of the strong back-gate effect in
FD-SOI technology to create a back-bias controlled oscillator (BBCO) that
offers a much larger input dynamic range and significantly improves lin-
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Fig. 2.10 BBCO and CSRO voltage-to-frequency transfer functions.
The ROs are each built using 3-input NAND standard cells. For the BBCO,
the input is connected to the NMOS back-bias. For the CSRO, the input
is connected to the gates of the two bottom NMOS. The dynamic range
highlights the range with a distortion below 10%.

earity [82]. By connecting the back-gate bias to the input voltage of the
ADC, the threshold voltage Vth of the transistor can be reduced, which
changes the current in each stage and the frequency of the RO. The STMi-
croelectronics 28-nm FD-SOI technology used in this work offers different
Vth options that can be operated in forward back biasing (FBB, for LVT
transistors) or reverse back biasing (RBB, for RVT transistors). Note that
LVT PMOS and RVT NMOS devices take negative back-bias voltages while
LVT NMOS and RVT PMOS take positive ones [83]. As the input voltage
ranges from 0 to 1.8 V, only the LVT NMOS and RVT PMOS back-gates can
be driven while the other transistors are kept at their nominal back-gate
voltage.

VCRO inverting stages can be implemented with high fan-in gate types
(such as NOR or NAND gates) whose inputs are short-circuited. Having
more NMOS transistors in series has the effect of degreasing the total W/L
and increasing the falling edge delays. The VCRO oscillation frequency
is therefore made more dependent to NMOS delays compared to PMOS
delays, which increases the sensitivity to the back-bias and the Kvcro gain.
This improved gain happens however at the cost of increased non-linearity,
measured here by the total harmonic distortion (THD)1. Fig. 2.11 shows

1As THD is measured with a single-tone waveform, it does not fully represent the impact
of distortion on a real ECG signal with more complex time and frequency characteristics. It
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Fig. 2.11 BBCO gain-distortion trade-off for different standard cells.
The 1-input gate is an inverter. The 2 and 3-input cells are NAND and NOR
gates for LVT and RVT respectively. The gain is normalized to the mid-
range frequency. The THD is measured assuming full-scale 1.8-V input
signal.

that RBB provides a better gain but introduces a lot of distortion. In the LVT
gates, the 3-input NAND is chosen as it provides a sensitivity almost twice
higher than the simple inverter. The resulting THD of 5.4% (measured at
full-scale input swing of 1.8 V) could be further attenuated by digital post-
processing. It is however deemed acceptable in this case as it does not
impact the inference performance of the DBE.

VCRO-based ADCs are also susceptible to gain variation due to PVT
variations. However, ensuring an exact gain is not essential as ECG signals
in wearable devices are already inherently subject to amplitude variations
due to e.g. electrode placement, contact quality or patient morphology.
The digital classification algorithm normalizes the signal using an adap-
tive gain during data pre-processing. Slow variations may be additionally
compensated by measuring the 0V-input oscillation frequency and scaling
the output accordingly.

The edges of the output signal of the BBCO are counted using an asyn-
chronous ripple counter with 17 divide-by-2 stages. The asynchronous
double sampling technique proposed by Baert and Dehaene [84] is used
to avoid an invalid result when the sampling clock edge occurs during the
transition of the counter output. This is done by latching the bits in the

however conveniently provides a first-order quantification of the distortion.
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counter on the positive and negative edges of the clock to ensure that at
least one of them is stable at all times, which allows to select the correct
one based on the value of the preceding bit after sampling.

Finally, the resolution and quantization noise of the ADC are set by the
frequency of the BBCO, which depends on the number of stages, and the
sampling frequency. A smaller BBCO with higher frequency improves the
resolution but increases the power consumption of the counter and has
more thermal noise due to poorer averaging as illustrated in Fig. 2.12. In-
creasing the sampling frequency with a higher oversampling ratio (OSR)
improves the input-referred noise thanks to noise shaping, but requires
more processing in the DBE for low-pass filtering and decimation. Addi-
tionally, choosing a sampling frequency that is an integer divisor of the IA
chopper frequency filters the output ripple thanks to the integrating effect
of the counter. A too high OSR thus increases the bandwidth constraints
on the IA for the signal modulated at the chopper frequency. The impact of
the power consumption in the sampling flip-flops is negligible at the low
frequencies considered in this work. The BBCO is implemented with 63
stages for a Kvcro of 12.1 MHz/V and an OSR of 4 is chosen. The result-
ing ADC has a resolution of 14 bits with a differential non-linearity below
0.4 LSB. The integral non-linearity goes up to 800 LSB, which is due to the
uncompensated non-linearity of the BBCO.

2.5 Digital back-end software design

The data samples retrieved from the AFE are processed sequentially in
the DBE. First, the heartbeats are detected by the algorithm from Pan and
Tompkins which consists in a band-pass filter, a derivation, a moving av-
erage and an adaptive threshold [71]. This allows to detect the sharp peaks
in the signal that likely correspond to the QRS complexes of the ECG sig-
nal shown in Fig. 2.13. Upon detection, feature extraction and classifica-
tion are performed to assign a label to each individual beat. The 3 classes
considered in this work are the normal heartbeats with sinus rhythm (N),
supraventricular ectopic beats (S), and ventricular ectopic beats (V). Exam-
ples of these three classes are shown in Fig. 2.13. Compared to [74], the
fusion beats (F) class is joined with the V class and the unknown beats (Q)
class is discarded, as those two classes represent a really low percentage of
the total dataset (resp. 0.8% and 0.02%) and may not be representative of
the true performance of the algorithm.
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Fig. 2.12 Impact of the BBCO length on the ADC performance. The
power consumption (left) includes BBCO and counter power consump-
tion. The IRN (right) includes the quantization noise and BBCO thermal
noise. The dotted line shows the noise at the input of the ADC originating
from the IA.

Fig. 2.13 ECG arrhythmia class examples. The supraventricular ec-
topic beat (S) is characterized by its prematurity and the lack of a P-wave
(masked here by the T-wave of the previous beat). The ventricular ectopic
beat (V) is characterized by its prematurity and a broad irregular QRS com-
plex.

When using an MCU as a basis for the arrhythmia classification system,
the detection and classification algorithm is programmed in the SRAM and
executed in software. Sections 2.5.1 and 2.5.2 describe the algorithm design
with the feature selection process and SVM classifier, respectively. Sec-
tion 2.5.3 details the real-time execution constraints of the DBE software
execution.
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2 | ECG arrhythmia monitoring system

2.5.1 Feature selection

As observed in the examples of Fig. 2.13, while both arrhythmia types
show a disruption in the normal sinus rhythm, their characteristics are
quite different. The V beats differ mostly by the shape of their QRS com-
plex. The S beats are morphologically close to the N beats with only a
missing P-wave, which is often hard to observe in the baseline noise. For
classification purposes, the features used to best distinguish those classes
must therefore be different in each case, which is rarely done when us-
ing traditional one-against-one or one-against-all SVM classifiers. Park et
al. [85] suggested using a hierarchical SVM (i.e. separating V beats from
N/S beats with a first classifier, then a second N-versus-S classification)
with different features sets to alleviate this problem. However, while they
chose the features manually, we perform automated feature selection sep-
arately for each classifier stage. As summarized in Table 2.2, the initial
set includes features commonly used in the literature [32], resulting in a
feature vector of 121 elements for each beat before feature selection. The
RR interval refers to the time duration between successive beat locations
surrounding the current beat. The 20-sample average RR interval and the
differences to the average are also used to highlight the heart rate vari-
ability. The morphological information of the heartbeat is extracted using
downsampled raw signal samples at the location of the P and T waves and
the QRS complex. Spectral information is obtained using the coefficients
of a discrete wavelet transform (DWT) obtained with a Daubechies 3 (db3)
4-level decomposition.

The feature selection process is performed by a sequential forward float-
ing search (SFFS) algorithm which iteratively adds or removes a feature
from the set based on the improvement of the cross-validation inference
performance [76]. This performance is measured by the j index (Ij) equal
to the mean of the sensitivities (Sen) and positive predictive values (PPV)
for the S and V classes, i.e. Ij = (SenS + SenV + PPVS + PPVV)/4 [76].
This arbitrary figure of merit, normalized here to 100%, avoids the bias
due to the large proportion of N beats and focuses on the discriminative
performance for the S and V arrhythmia classes. Figure 2.14 shows the per-
formance evolution with the number of features, where it can be observed
that a low number of features below 10 is already sufficient to achieve peak
performance. As expected, the selected feature types are different for each
classifier as shown in Table 2.2. Despite feature selection, a significant over-
lap between classes is still present due to inter-patient variability, as seen
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Fig. 2.14 SVM classifier cross-validation performance for different ker-
nels. The j index (Ij) is measured separately for the "N/S v. V" and "N v.
S" classifiers separately. The reported Ij is the best performance obtained
for a given number of features along the SFFS process for a given classifier
kernel. The corresponding set of optimal features may be different for each
classifier.
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Fig. 2.15 Data distribution plots. The two best features for each classi-
fier according to the SFFS algorithm are displayed.

in Fig. 2.15 for the two most discriminative features in each classifier.

2.5.2 Support-vector machine classifier

The choice of kernel for an SVM significantly impacts the separability of
the data and the classification performance. Three different kernels are
compared in Fig. 2.14. The RBF kernel performs better than the linear and
polynomial kernels, especially for discriminating ventricular arrhythmias.
As the classes are not fully separable, a low regularization parameter al-
lows some misclassifications and reduces overfitting.

After training, the SVM model with RBF kernel contains 20837 support
vectors (SVs) due to the low separability and low regularization parame-
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ter. This corresponds to a memory storage requirement of 149.9 kB which
is an issue for the SleepRider SoC with a maximum of 48 kB of program
memory. This large number of SVs directly impacts the power consump-
tion of the DBE as an exponential function needs to be calculated for each
of them. Pruning the model to reduce its complexity is often possible with
only a limited impact on the performance. Geebelen et al. [77] proposed
the separable case approximation (SCA) method which consists in remov-
ing misclassified training examples from the SV set. Applied on the ECG
arrhythmia classification model, the number of support vectors is strongly
reduced to only 247 SVs, with 1.8 kB of memory space, while Ij decreases
by only 0.5%.

2.5.3 Real-time execution

Software execution is performed on an ARM Cortex-M4 CPU. The MCU
remains in sleep mode most of the time while samples are acquired by the
AFE and stored in the SRAM by the DMA. A DMA cycle corresponds to
128 samples (i.e., 0.5 s) acquired and stored in memory, after which the
CPU wakes up and processes these last samples sequentially. The process-
ing execution time for the algorithm needs to remain short enough to meet
the real-time constraint, as well as minimize the power consumption in ac-
tive mode. The time spent on each subtask is illustrated in Fig. 2.16 with
a clock running at 64 MHz. The detection algorithm is executed for each
sample and takes an average of 500 cycles/sample, which includes 190
cycles for the QRS-enhancement filters. The feature extraction and classi-
fication only occurs when a beat is detected. The feature extraction takes
26 200 cycles, dominated by the DWT which lasts 17 200 cycles. The SVM
classification takes 280 cycles per SV, or 69 800 in total. The number of
classifications in each 128-sample DMA cycle depends on the heart rate.
Assuming a worst-case scenario of 3 beats detected in a single DMA cycle,
i.e. 240 bpm, the execution time is limited to 352 000 cycles. Fig. 2.16 also
shows that the reduction in the number of SVs achieved with pruning also
significantly decreases the execution time. Thanks the presence of ABB that
switches the logic and SRAM between high-leakage fast FBB state in active
mode and low-leakage zero back bias in sleep mode, the leakage overhead
incurred by a higher clock frequency in active mode is limited. With a 64-
MHz clock, the execution is achieved in 5.5 ms, which corresponds to a
duty-cycle of only 1%. This limited time spent in active mode also pro-
vides room for higher processing workloads with more channels or higher
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2 | ECG arrhythmia monitoring system

Fig. 2.16 Software execution time. The software is executed on a Cortex-
M4 CPU at 64 MHz. Nominal and worst-case scenarios, respectively 90
and 240 bpm, correspond to maximum 1 and 3 detected beats per DMA
cycle. One DMA cycle lasts 0.5 s.

data rates.

2.6 Results

The SleepRider SoC was prototyped in 28-nm FD-SOI on a 3.1-mm2 chip
with the core taking up 0.94 mm2 as shown in the microphotograph of
Fig. 2.17. Measurements are performed on a custom test PCB with off-
chip components such as the input HPF and a patient reference circuit.
The setup in Fig. 2.18 uses a Keysight N6715B power supply, a Tektronix
MSO56 oscilloscope, and a laptop for JTAG programming and UART com-
munication. In-vivo trials are performed with single-use Ag/AgCl ad-
hesive electrodes with solid gel. Measurements were performed on one
healthy male subject to test the functionality of the acquisition and detec-
tion.

2.6.1 Microcontroller power consumption

When tested on standard benchmarks to assess plain computing resources,
the measurements and characteristics in Table 2.3 show the highest level of
computing performance and integration compared to other ULP MCUs,
with low power in sleep and active modes. The logic and SRAM mini-
mum energy point is 4.8 µW/MHz at 56 MHz (CoreMark). This results
in a peak energy efficiency similar to our previous ULP MCU [JP2] while
providing 1.7× higher computing performance. In Table 2.3, the proposed
ULP MCU has among the highest computing performance, as measured
on the CoreMark testbench, thanks to its higher clock frequency. While
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Fig. 2.17 SleepRider chip microphotograph and AFE layout. Unlabeled
parts of the chip are unrelated to this work.

Fig. 2.18 System measurement setup with custom test PCB.

this performance allows to operate with a low duty-cycle as shown in Sec-
tion 2.5.3 thanks to the low-resource algorithm, the MCU could have been
designed for a lower target frequency, which would have likely improved
the energy efficiency. It also provides the possibility to execute other tasks
on the same hardware.
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2 | ECG arrhythmia monitoring system

Fig. 2.19 PMU wake-up sequence measurement. The blocks of the sys-
tem wake up successively after the interrupt request (IRQ). The SCVR start
(SCVR_SLEEP) and its frequency fSCVR increases to boost its power out-
put. The memory power switch is closed (MEM_PSW) and the VSSN neg-
ative voltage required for writing is generated. The UFBBR starts to gener-
ate the back bias voltages and the high-frequency clock ( fTRO). Finally, the
Cortex-M4 CPU exits the sleep mode (CM4_IDLE).

Sleep power is 5.8 µW with 32-kB memory retention, excluding SCVR
conversion losses. Each wake-up cycle from sleep to active mode takes
39 µs and has an energy overhead of 18.7 nJ as illustrated in Fig. 2.19.

2.6.2 AFE signal acquisition

The measured IA shows a differential gain of 37 dB and a maximum -3-dB
bandwidth of 1 kHz. The transfer function in Fig. 2.20 shows a flat re-
sponse in the ECG signal bandwidth. The common-mode attenuation mea-
sured with a 300-mVpp input signal stays below 40 dB over the whole
bandwidth and increases down to 90 dB at lower frequency. This cor-
responds to a common-mode rejection ration (CMRR) above 80 dB. The
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2 | ECG arrhythmia monitoring system

Fig. 2.20 IA transfer response. The differential and common-mode gains
are measured with 5 mVpp and 300mVpp amplitudes respectively. The
measurements were performed without the off-chip input high-pass filter.

Fig. 2.21 IA noise spectral density. The flicker noise corner is reduced to
1 Hz thanks to chopper modulation and the total noise is minimized using
numerical optimization.

measured input-referred noise spectral density of the IA2 in Fig. 2.21 is at
90 nV/

√
Hz with a corner frequency below 1 Hz thanks to chopper mod-

ulation. The resulting IRN is 0.75 µV RMS integrated over the 1-to-100-Hz
frequency range. A sample signal measured in-vivo through chest elec-
trodes is shown in Fig. 2.22. An electrode distance of 8 cm is chosen as it is
the limit before QRS amplitude starts to decrease.

2The noise from the electrodes is not taken into account. In the case of wet electrodes with
low impedance, the intrinsic noise of the IA dominates. However, for dry electrodes, the
higher impedance of the skin-electrode interface can lead to noise levels above 1 µV [91].
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Fig. 2.22 Acquired input-referred ECG signal sample from on-chest
electrodes. The bottom graph shows QRS amplitude for measurements
on the same person with multiple placements on the chest using the MLII
orientation.

Each single-ended ADC consumes 0.36 µW for a resolution of 14 bits
with an OSR of 4. Unfortunately, the noise in the ADC was higher than
expected because of an underestimation of the jitter due to flicker noise in
the BBCO, which was confirmed in simulation. This caused an additional
490 µV of noise referred to the ADC input in the ECG bandwidth which
limits the SNR to 62 dB. This issue could be easily avoided by removing
the chopper demodulation switches at the output of the IA and performing
the demodulation in the digital domain.

The main performance metrics of the AFE are summarized in Table 2.4
in comparison with examples from the state of the art. The IA achieves
among the best power-noise trade-offs with an NEF of 2.3. The silicon area
is also much lower than other works, especially thanks to the all-digital
time-based ADC in a 28-nm technology taking up only 900 µm2.

2.6.3 DBE inference

Given the long duration of the MIT-BIH arrhythmia database [75], infer-
ence performance on the full dataset can hardly be evaluated on the SoC
and is thus emulated off-line. In order to take into account the impact of
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2 | ECG arrhythmia monitoring system

Table 2.6 Classification confusion matrix, on testing set DS2 from the
MIT-BIH database.

Label
N S V F - PPV [%]

R
es

ul
t N 40597 244 10 263 4 98.7

S 2748 1509 118 7 19 34.4
V 684 74 3074 117 99 80.8
- 13 4 2 1

Sen [%] 92.2 82.6 88.9

analog non-idealities on the inference performance, a Python model sim-
ulates the noise and transfer response characteristics of the IA and ADC
before performing the classification. The characteristics of the AFE model
were matched to the measured hardware performance. Execution directly
on the SoC is validated using shorter signal samples.

As recommended in [74], 22 30-minute records (DS1) are used for train-
ing and validating the SVM while 22 other records (DS2) are used for test-
ing. Leave-one-out cross-validation on the DS1 records was used for algo-
rithm training and validation. The confusion matrix resulting of the DS2
set classification is shown in Table 2.6. This respectively corresponds to a
sensitivity and positive predictive value of 82.6% and 34.4% for the S class
and 88.9% and 80.8% for the V class (Ij = 71.7%).

The largest source of misclassifications are normal beats classified as
supraventricular beats which degrades PPVS. Most of these (2081 beats)
arise from atrial fibrillation (AF) episodes, which are not labeled as supra-
ventricular arrhythmias despite presenting a disruption of the regular si-
nus rhythm. AF segments can be detected with coarse resolution using
heart rate variability [101], but it is not included in this work.

This work is the first implementing an inter-patient arrhythmia classifi-
cation algorithm on an MCU. The performance obtained is comparable to
other works using the inter-patient training scheme, as shown in Table 2.5.

2.6.4 System performance

When performing arrhythmia classification, the SleepRider SoC consumes
13.1 µW including DC/DC conversion losses from the 1.8-V supply. This
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Fig. 2.23 Power breakdown of the SleepRider SoC during arrhythmia
classification. The center pie chart shows the distribution of the average
power among different tasks. The left and right pie show the distribution
among different modules in sleep and active modes. Wake-up energy is
negligible.

is lower than the value of 19.8 µW we reported in [CP3], thanks to the
reduced wake-up overhead enabled by the use of the DMA and reduced
power in the AFE with a different configuration. The average power distri-
bution among different tasks and modules is illustrated in Fig. 2.23. Sleep
power dominates the average power consumption due to the very low
duty-cycle (< 1%), despite the zero back biasing for the logic. Other meth-
ods such as power gating could be used to reduce the leakage, at the cost of
a longer wake-up latency. The active power of the DBE accounts for only
21% of the total energy thanks to the high energy efficiency of the Sleep-
Rider MCU which achieves 4.8 nJ/sample for the detection and 0.9 µJ/beat
for the classification.

Compared to an implementation of the cardiac arrhythmia classifica-
tion software on a commercial ULP MCU (Apollo3 Blue from Ambiq Mi-
cro [86]), the proposed system achieves a 4.2× reduction of the average
power consumption. When comparing only the power consumption in
the AFE and DBE related to signal acquisition and processing, the reduc-
tion factor reaches 9.8×. While the SleepRider SoC displays a much higher
energy efficiency in active mode, the sleep mode power consumption is
lower in the Apollo3 Blue MCU, thanks to power gating of the idle blocks
which is not available in the proposed system.

Table 2.7 compares several mixed-signal ECG SoCs from the state of the
art. The SleepRider SoC integrates all necessary components for ECG sig-
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Fig. 2.24 Comparison with commercial ULP MCU [86]. DC/DC conver-
sion losses for the Ambiq Apollo3 MCU assume an 80% power conversion
efficiency across all blocks in the total measured power.

nal acquisition and processing, as well as the power and clock manage-
ment. In addition to being more versatile, arrhythmia classification per-
formed on such an ULP MCU achieves an energy efficiency close to other
works while performing a much more complex task.

2.7 Conclusion

To our knowledge, this work is the first tackling end-to-end ECG beat-
to-beat arrhythmia classification implemented on a ULP MCU. It aims at
meeting the constraints of power consumption, signal quality and infer-
ence performance inherent to wearable monitoring devices while provid-
ing enough versatility to perform complex tasks. A prototype chip has
been fabricated in 28-nm FD-SOI technology and tested with the classifica-
tion software. The low-power and low-noise AFE acquires the ECG signal
with 2.1 µW. The software-based DBE performs beat-to-beat arrhythmia
classification with a high energy efficiency of 2.1 µJ/beat (including beat
detection and classification) and an accuracy of 91.4%. The system has an
average power consumption of 13.1 µW and has been tested in-vivo to val-
idate the functionality.

The main remaining performance bottleneck of the proposed implemen-
tation is the power consumption in sleep. While the custom SleepRider
MCU has the advantage of having a low wake-up time and energy over-
head and full digital retention in sleep, it is not a critical factor in the ar-
rhythmia classification use case when the DMA is used, as the wake-up
frequency is only 2 Hz. The wake-up overhead would become significant
in an application that requires a wake-up frequency above approximately
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2 | ECG arrhythmia monitoring system

Fig. 2.25 Carbon footprint distribution for a cardiac monitoring wear-
able device. The respective shares of the components is estimated using
the methodology from [102], similarly to Fig. 1.3. In this chapter, the de-
sign of the SleepRider SoC and optimization of the power consumption
enable a reduction in the footprint of the IC for the processing and mem-
ory, and of the battery for the power supply of the device.

50 Hz, as the average power would be increased by almost 1 µW. In the
presented application, a reduction of the power consumption could have
been obtained with additional power gating techniques which only keep
the required AFE and CPMU components active in sleep, at the cost of
retention loss in the DBE logic.

The low power consumption of the system enables long-term cardiac
monitoring with limited battery capacity, i.e., 9.4 mAh at 1.8 V for one
month operation. By embedding the electronic sensor in a small device
worn on the chest as an adhesive patch, this allows the patients to comfort-
ably continue their daily activities. To validate the proposed system in this
application, some limitations still need to be addressed. First, such a long-
term monitoring device would likely require dry electrodes, compared to
the wet Ag/AgCl electrodes used for system testing. The impact of the
higher impedance and noise of these electrodes on the system performance
therefore needs to be evaluated. Second, the cardiac arrhythmia classifica-
tion performance demonstrated with our system is on par with the state
of the art. However, inter-patient classification is intrinsically limited by
patient-to-patient variability, which bounds the accuracy achieved by these
systems. While the resulting error rates lead to uncertainty for diagnosis
purposes, these devices can be used conveniently for mass screening of
cardiac disorders, with a more precise secondary evaluation for identified
higher-risk patients. A more accurate classification can be obtained with a
patient-specific model, which induces practical constraints for model train-
ing. Acceptable levels of sensitivity and specificity for each use case need
to be defined from a clinical perspective.
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Table 2.8 System improvement with local signal processing. The sys-
tem designed in this chapter is compared to the wireless transfer of the raw
ECG signal, as discussed in Chapter 1.

Transmission
of raw signal

Local data
processing

Technology 28nm 28nm
FD-SOI FD-SOI

Embedded DBE 7 3

TX data rate [bps] 3000 < 4

Powerb [µW]
AFE 2.1 2.1
DBE - 2.1
TXa 12 0.016
Total 14.1 4.2

Silicon area [mm2]
AFE 0.02 0.02
DBE - 0.39
TXa 0.61 0.61
Total 0.63 1.02

Battery lifetimebc [year] 3 10

Production carbon footprint [gCO2e]
Integrated circuitd 16 25
Batteryc 35 35
Total 51 60

a Assuming a Bluetooth Low-Energy TX front-end with 4 nJ/bit and 0.61 mm2, similar to [15]
in 22-nm CMOS.
b Sleep power and DC/DC conversion losses not considered.
c Continuous operation, assuming a 3-V 120-mAh coin cell battery. While a typical monitor-

ing period is limited to one month, longer lifetime allows to reuse it across several patients.
d Based on [102] for bulk CMOS. Only the front-end is included, back-end adds 25 to 37% of

energy consumption [103]. Silicon area does not include power and clock management, nor
the overhead for pads and seal ring.

The proposed arrhythmia classification system presented in this chapter
demonstrates that ULP MCUs can perform complex real-time signal pro-
cessing with a very limited power budget of only a few µW’s. This perfor-
mance can however only be achieved thanks to careful optimization of all
system domains, with application-specific low-power and low-noise AFE,
ultra-low-power digital operation thanks to robust ultra-low-voltage op-
eration with adaptive back-biasing, and resource-optimized software im-
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2 | ECG arrhythmia monitoring system

plementation. From the overall carbon footprint for the production of a
cardiac monitoring wearable system illustrated in Fig. 2.25, these circuit
optimizations address the aspects related to integrated circuits for the pro-
cessing, memory and connectivity, as well as the batteries. As detailed in
Table 2.8, the reduction of transmitted data through local data processing
optimize the battery lifetime, with a limited silicon footprint overhead. The
very low footprint reported for ICs and batteries are made possible by the
low power consumption and low-complexity circuits. Embedded process-
ing requires additional computing resources, consisting here in the logic
and memories, which take up an additional 0.39 mm2, compared to the
0.024 mm2 of the AFE. In addition, ULP implementation of MCUs usually
benefit from more advanced fabrication nodes, which may impact the envi-
ronmental footprint of production [102]. MCU implementations however
provide a versatile and upgradable alternative to ASIC implementations.

In this chapter, the total power consumption of the system was mini-
mized by optimizing the respective power consumption of the different
circuit blocks, for a given set of local performance specifications. However,
a trade-off often exists between the target performance of a circuit and the
minimum power consumption that can be achieved. Chapter 3 explores
these power-performance trade-offs for the different circuits designed in
this chapter. In Chapter 4, the local performance specifications are consid-
ered as design parameters at the system level to minimize the total power
consumption while maintaining a sufficient accuracy for the global system.
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3
Block-level power/

performance optimization
and Pareto front modeling

3.1 Performance trade-offs in circuit design

Modern mixed-signal system-on-chips (SoCs) are made up of several het-
erogeneous circuit blocks, analog or digital, involved in various functions
such as control, signal acquisition, data processing, clock generation, volt-
age regulation, or communication. The cardiac monitoring system with
embedded arrhythmia classification presented in Chapter 2 is an example
of such mixed-signal SoC with both an analog front-end (AFE) for signal
acquisition and a digital back-end (DBE) for data processing. In each cir-
cuit block, the performance evaluation usually relies on multiple metrics,
such as power consumption, speed, accuracy or precision, linearity, etc. At
design time, several of those metrics can be considered simultaneously as
optimization objectives, resulting in a multi-objective optimization prob-
lem. Each of these performance objectives is defined as a function fi(x)
of the design parameters x = (x1, x2, ...). The parameters x correspond to
the sizing variables of a given circuit topology, such as device dimensions,
bias voltages or clock frequencies [45]. Without loss of generality, only the
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3 | Block-level power and performance modeling

Fig. 3.1 Pareto optimum in multi-objective optimization problems.
Simulation maps the circuit parameters x to the circuit performance metrics
f(x). The Pareto curve P is the boundary of the achievable performance
space F in the optimum direction. The blue text provides an illustration of
the optimization task for an instrumentation amplifier use case. While the
illustration provided here is limited to 2-D parameter and objective spaces,
higher dimensions are often encountered.

minimization of these objective functions is addressed in this work. In the
case of a function to be maximized, its inverse or opposite function must
be considered.

Mathematically, the set of feasible design parameters Ω, which contains
all circuit configurations x that are physically achievable, maps to a set of
feasible performance F , as illustrated in Fig. 3.1 for a 2-D objective space.
Performance constraints can also be defined on the set of achievable per-
formance to account for additional circuit requirements, in which perfor-
mance metrics are assigned a minimum or maximum value, gj(x) > Tmin

j
or gj(x) < Tmax

j . Similarly to physical constraints, performance constraints
shrink the feasible objective space, with the difference that a function map-
ping the circuit parameters to the performance metric needs to be evalu-
ated while physical constraints can be verified immediately. As the map-
ping is usually non-linear for performance objectives and constraints, an
accurate evaluation of the circuit performance is typically obtained using
a SPICE circuit simulator.

In the set of achievable performance, the subset that optimizes perfor-
mance is of interest as it can be inversely mapped to optimal design pa-
rameters xP . When several performance objectives are considered, there is
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rarely a single combination of parameters that optimizes all metrics simul-
taneously, as these are often competing against each other, which leads to
a performance trade-off. The set of optimal points is known as the Pareto
front P (Fig. 3.1), i.e., all points for which it is not possible to improve
one objective without degrading another [46]. For instance, in the case
of an instrumentation amplifier (IA), there is a trade-off between, e.g., its
power consumption and its intrinsic noise. The Pareto curve can typically
be used to help the designer select the optimal performance trade-off for
his application. In hierarchical system design, Pareto-optimal models of
circuit blocks can also be used at the system level to take into account low-
dimensional low-level design information [45].

In this chapter, the local power and performance trade-offs of the consti-
tuting blocks of the electrocardiogram (ECG) monitoring and arrhythmia
classification system of Chapter 2 are explored and modeled. Section 3.2
starts by describing methods in the literature for performance space mod-
eling, which have been used to obtain information about circuit trade-offs.
To model the components of the target system, several modeling meth-
ods are then applied in order to meet the different requirements of each
block in the system. Firstly, the link between resolution, sampling fre-
quency and power of an analog-to-digital converter (ADC) are explored
using an analytical approach in Section 3.3. Secondly, in Section 3.4, a
numerical approach based on genetic optimization algorithms is used to
model the power and noise trade-off of an IA. To reduce the execution
time of this simulation-intensive method, two solutions are introduced to
mitigate the number of simulation runs. In order to validate these nu-
merical and analytical approaches experimentally, two prototypes with
configurable block-level performance, respectively an IA in TSMC 65-nm
LP CMOS and an ADC in GF 22-nm FD-SOI, are implemented using the
Pareto fronts obtained with the respective methods. The optimization and
design of a configurable IA were presented in [JP1]. Finally, the particular
case of performance modeling for DBE is discussed in Section 3.5. Due to
the dependence of the inference performance on the input signal quality, a
more explicit simulation method is presented. This chapter concludes with
the comparison of the different approaches and their respective advantages
and disadvantages depending on the type of circuit evaluated.

| 57



3 | Block-level power and performance modeling

3.2 State of the art of performance trade-off modeling

In the literature, the exploration and modeling of performance trade-offs
have mainly been studied from the perspective of analog circuit design.
While digital design has been mostly automated thanks to the develop-
ment of powerful computer-aided design (CAD) tools, analog design still
mostly relies on the designer know-how and trial-and-error. This lack of
efficient tools makes the manual design of analog blocks difficult due to
the large number of possible topologies and sizing parameters. In this con-
text, extracting the Pareto-optimal trade-off curve of a given circuit, which
relates its sizing parameters to the best achievable performance metrics,
allows to select the desired trade-off, obtain the related circuit sizing and
possibly compare different topologies.

In practice, the main approach used for evaluating trade-offs in analog
circuits is an analytical one, though often implicitly [104, 105]. Using their
knowledge of the circuit, designers derive the main equations defining the
circuit performance. These equations are then used to make decisions and
size the circuit devices appropriately. While this approach is only as effec-
tive as the knowledge of the designer, simple equations can be obtained
quickly and provide initial circuit insights. However, it is usually difficult
to obtain an exact model that captures all second-order effects. Additional
selected simulation data can be incorporated in the design to calibrate the
model and provide more accurate results [106].

When analytical approaches are limited by the complexity of the circuit
or their lack of accuracy, simulation-based approaches can provide an al-
ternative solution. They rely on a large number of SPICE simulations to
explore the design space, usually in addition to numerical tools to guide
the exploration. By tuning many design parameters, these methods can
reach optimal circuit sizing with accurate performance evaluation. How-
ever, they suffer from the large number of time-consuming circuit simula-
tions that are necessary to map the performance space. In the literature, dif-
ferent methods originating from the optimization field have been applied
to analog circuit sizing to extract their Pareto front. Numerical optimiza-
tion methods applied to circuit sizing can be classified in several categories:
equation-based, simulation-based or surrogate model-based [107, 108].

• In equation-based methods, the objective performance is estimated
by expert-derived equations, which can be either extracted similarly
to the analytical approach presented above [105] or generated auto-
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matically [109]. By combining these equations with numerical op-
timization, the optimal sizing points can be found. The advantage
of these methods is that the calculation of these equations is often
much faster than SPICE simulations of the circuit, but they can suffer
from the accuracy and simplicity bottlenecks inherent to the analyti-
cal models [107].

• In simulation-based methods, full-SPICE simulations evaluate the
circuit performance. Many examples of numerical optimization for
analog circuit sizing have been studied in the literature, most often
on simple blocks such as operational amplifiers [110]. A variety of
optimization techniques have been used to deal with multiple perfor-
mance objectives and to obtain a set of Pareto-optimal design points.
The optimization of the circuit parameters can be performed by solv-
ing a series of single-objective optimization problems, for example by
using weights to scalarize the multi-dimensional performance objec-
tives [111, 112]. Alternatively, the multi-objective optimization prob-
lem, i.e., finding the optimal Pareto front in a single optimization run,
can be solved by dedicated algorithms. Multi-objective optimization
algorithms mostly consist in evolutionary algorithms, such as par-
ticle swarm optimization (PSO) [113], multi-objective evolutionary
algorithm based on decomposition (MOEA/D) [114], or non-domi-
nated sorting genetic algorithm (NSGA-II) [115]. Those algorithms
rely on bio-inspired iterative heuristics to make a set of candidate so-
lutions converge towards the Pareto curve. The main bottleneck of
these methods is the very long simulation time required to evaluate
up to hundreds or thousands of design points [108].

• Finally, surrogate model-based methods have recently emerged to
benefit from the accuracy of simulation-based methods while avoid-
ing the execution time drawback. They consist in iteratively building
surrogate models of the performance functions using machine learn-
ing regression methods such as Gaussian processes [116] or Bayesian
neural networks [108], and using those models to solve the multi-
objective optimization problem. With this approach, only the best
candidates according to the multi-objective optimization problem are
evaluated using SPICE simulations and used to refine the surrogate
model.

When many performance metrics are considered, the selection of valid de-
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sign parameter sets can be accelerated using hierarchical simulation, as
performed in the case of exhaustive space search in [117].

On the digital side, hardware synthesis and physical implementation
predominantly rely on computer-aided design tools. Thanks to standard-
ized cells and memory macros, those tools are able to translate user re-
quirements through the multiple abstraction layers into designs that opti-
mize given metrics such as power consumption, speed or area. The power
and performance trade-off of microcontroller-based digital circuits can be
swept at the architecture level, e.g., by choosing a different type of core or
optional accelerators, or at the implementation level by changing the tar-
get design specifications such as the operating frequency. For a given logic
design and target frequency, methods to optimize the physical parameters
such as supply voltage or threshold voltage flavour can be integrated in
the synthesis flow [118]. Different implementations can be compared one-
to-one to evaluate their respective speed, efficiency and power trade-offs.
A fixed digital hardware, regarding both the architecture and physical im-
plementation, will be considered in this work and the design trade-offs at
this level will not be explored.

Regarding the design of the software algorithms, many studies have ex-
plored the trade-off between accuracy and cost, which can be expressed in
terms of execution time, energy or computing resources. A lot of research
has been carried out on computer-based implementations, but significantly
less tackled this issue in smart embedded systems which suffer from ad-
ditional energy and resource constraints. In sensor systems with on-chip
classification, the cost-accuracy trade-off can be modified either by modi-
fying the input data, e.g., by reducing the sampling rate or resolution [119],
or by changing the parameters of the classification algorithm, such as the
training hyperparameters of a machine-learning model [120, 121]. The
evaluation of the software accuracy in the case of machine learning mod-
els usually consists in the exhaustive simulation with a grid search in the
design space, due to the presence of discrete parameters [119, 120, 121].
The estimation of the power consumption is not a straightforward task in
the case of software execution on a microcontroller as it strongly depends
on the software code being executed. In the literature, methodologies for
extracting power models can be classified as either a hardware-oriented
bottom-up approach, or a system-oriented top-down approach. Bottom-
up approaches start from the description of the hardware components and
their respective energy consumption and model the total power consump-
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Table 3.1 Power-performance trade-off modeling methods.

Section Approach Method Use-case circuit

3.3 Knowledge-based Equation derivation ADC
3.4 Simulation-based Genetic optimization IA
3.5 Direct emulation Software simulation DBE

tion based on their activity factors (number of memory accesses, number
of instructions of each type, etc.) [122, 123, 124]. This approach typically
provides accurate results but requires a lot of data and simulation results
down to the hardware level. System-oriented approach operate in a top-
down fashion by modeling the total power consumption based on soft-
ware parameters, such as function calls or variable values [124, 125]. This
approach provides coarser results but requires less data to calibrate the
model. It works well for software tasks with regular instruction patterns,
such as loops or vector computations, which are often present in machine-
learning algorithms.

In the following sections, different approaches are used to model the
power and performance trade-offs of the circuit blocks in the system of
Chapter 2. The respective approaches and methods used, as well as the
circuits modeled in each case, are summarized in Table 3.1.

3.3 Knowledge-based analytical approach

When the trade-offs between different performance metrics can be easily
grasped, deriving manually the main equations of the circuit can already
provide an acceptable approximation. While those may not capture all
second-order non-idealities in the circuit, they have the advantage of pro-
viding a model which can be understood by the designer. In the system
presented in Chapter 2, the relationship between resolution, sampling fre-
quency and power consumption in the analog-to-digital converter (ADC)
can be extracted in this manner with a few design parameters and equa-
tions. This section presents the analytical extraction of performance and
power trade-offs for the ADC. The model is then verified experimentally
by prototyping an ADC with configurable resolution and power in Glob-
alFoundries 22-nm FD-SOI technology.
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3.3.1 ADC performance trade-offs

The ADC presented in Section 2.4.2 is a time-based ADC with a back-
bias controlled oscillator (BBCO) as input stage to perform the voltage-
to-frequency conversion, followed by a counter to integrate its phase, and
a sampling stage. The key performance metrics of the ADC in the clas-
sification system are its dynamic power consumption, effective resolution
and sampling frequency. The effective quantization resolution is measured
with the effective number of bits (ENOB), which is calculated on the ba-
sis of the signal-to-noise ratio (SNR) in this work, taking into account its
quantization noise and thermal noise in the BBCO. Let us mention that the
distortion is discarded as the subsequent signal processing algorithm is re-
silient to limited non-linearity (Section 2.4.2). Moreover, the flicker noise
in the BBCO is negligible compared to thermal noise thanks to chopper
modulation in the ADC. Finally, errors in the counter due to metastabil-
ity are mitigated by the asynchronous double sampling technique. Finally,
the leakage power consumption is negligible compared to dynamic power
when the ADC is active.

The performance metrics considered for the ADC are mainly limited by
the BBCO characteristics in this topology. The performance of BBCOs can
generally be tuned with the following parameters: supply voltage, num-
ber of stages, load capacitor, transistor length and parallel device multi-
plier [82]. When working with standard cells only, not all those parame-
ters can be accessed directly and the remaining factors are the supply volt-
age, number of stages in the RO, transistor length and threshold voltage
(depending on the choice of cell library), gate fan-in (i.e., pure inverter or
NAND/NOR gate with shorted inputs), and cell driving strength. In this
work, the supply voltage is considered fixed by the SoC architecture, at
0.65 V for this analysis. Given the necessity to slow down the oscillator,
as the target ECG frequency range is at only 250 Hz, the transistor length
and threshold voltage are maximized in the available libraries, which cor-
responds to ultra-high-Vt (UHVT) transistors with 36-nm gate length in
22-nm FD-SOI technology from Global Foundries. Compared to the work
presented in Chapter 2, the UHVT transistors operate in reverse back bi-
asing (RBB) because the PMOS transistors are laid out over an N-Well and
the NMOS transistors over a P-Well, which means that positive back-bias
voltages can be applied to the PMOS devices. The type of cell is chosen as
3-input NOR gates to balance gain and linearity, similarly to the design of
Section 2.4.2. The remaining BBCO design parameters taken into account
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for the ADC performance modeling are the number of stages and cell driv-
ing strength. In this analysis, the cell driving strength will be modeled as
cells connected in parallel. This approximates the choices of cells found
in the standard cells libraries, which display less consistent width sizing.
Finally, the sampling frequency can be directly controlled in the circuit by
the clock controller and is included as a design parameter.

Before modeling mathematically the performance trade-offs, the impact
of these selected design parameters can be understood intuitively sepa-
rately.

• Number of stages When increasing the number of stages in the
BBCO, its oscillation frequency at the output decreases. The input-
referred noise due to thermal noise jitter remains constant, contrary
to flicker noise which decreases due to its correlation property and
averaging. The dynamic power remains unchanged as the propaga-
tion speed of the transition in the ring oscillator does not change. In
the counter, the reduced BBCO frequency induces a lower number of
possible transitions per sampling period and therefore a lower reso-
lution, while also reducing the dynamic power. Overall, the number
of stages allows to trade quantization resolution for power.

• Cell driving strength Increasing the driving strength of each stage
does not change the oscillation frequency, due to the equal increase
in capacitance and driving current [82]. However, as the voltage-to-
frequency transfer function does not change and the parasitic capaci-
tance increases, the input-referred noise of the BBCO is reduced. The
cell driving strength therefore tunes jitter noise and power.

• Sampling frequency Increasing the sampling frequency obviously
provides a better temporal resolution. However, if other parame-
ters remain unchanged, as the integration period of the counter de-
creases, the quantization resolution decreases. As the sampling fre-
quency is low and the power consumption of the sampling flip-flops
is negligible, a limited change in the sampling frequency has a neg-
ligible impact on the power consumption. The sampling frequency
exchanges temporal for quantization resolution.

3.3.2 Modeling via the derivation of circuit equations

Based on the intuitive insights from the previous section, mathematical
models of the performance trade-offs are now derived. In the considered
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time-based ADC circuit, the resolution is defined by the difference between
the numbers of periods of the BBCO in a period of the sampling clock when
minimum and maximum input voltages are applied. The quantization res-
olution, without taking intrinsic noise and distortion into account, is there-
fore given by

NQ(N) = log2

(
2 ( fosc(N, vmin)− fosc(N, vmax))

Fs

)
, (3.1)

where fosc(N, v) is the transfer function of a BBCO with N stages, vmin
and vmax are respectively the lower and upper bounds of the input volt-
age range, and Fs is the sampling clock frequency. The transfer function
fosc(N, v) is inversely proportional to the length of the BBCO :

fosc(N, v) = fosc(N0, v)
N0

N
, (3.2)

with N0 a reference BBCO length.

The model of BBCO jitter depends on the type of noise considered. As
thermal noise is uncorrelated, the associated input-referred jitter σth varies
only with the cell driving strength. However, the jitter due to flicker noise
σf l depends both on the cell driving strength and on the number of stages :

σth(M, Ts) = σ(M0, Ts)

√
M0

M
, (3.3)

σf l(N, M, Ts) = σ(N0, M0, Ts)

√
N0M0

NM
, (3.4)

where σ(N, M, Ts) is the standard deviation of input-referred jitter noise
sampled at a frequency Fs = 1/Ts, and M is the number of devices in
parallel to model the driving strength. Fig. 3.2 shows the validation of
the models of BBCO performance (Eqs. 3.2, 3.3 and 3.3) against simulation
data. The model is calibrated using the simulation of a reference BBCO
with 7 stages and 1 cell per stage (N0 = 7 and M0 = 1).

Using the number of quantization bits and the BBCO jitter from Eqs. 3.1
and 3.4, we can infer the effective number of bits (ENOB) for the ADC,
excluding distortion:

ENOB =
SNRdB − 1.76

6.02
, (3.5)
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Fig. 3.2 ADC model verification. Eqs. 3.2, 3.3, 3.4, and 3.9 are compared
to simulation results, by sweeping independently the number of stages N
and the cell driving strength M. Results are obtained from steady-state
simulation of BBCOs with UHVT NOR3 gates, at 0.65 V and 25 °C.

SNRdB = 10 log10

(
(vmax − vmin)

2

8(n2
q + n2

j )

)
, (3.6)

nq =
vmax − vmin

2NQ
√

12
, (3.7)

nj ≈ σ(N, M, Ts), (3.8)

where SNRdB is the signal-to-noise ratio expressed in dB, and n2
q and n2

j are
the input-referred quantization and jitter noise power.

The power consumption of the ADC is equal to the sum of the power
consumption in the BBCO and in the counter. As the sampling frequency
is low, the power consumption of the sampling flip-flops and decoder is
negligible. For a given BBCO stage and average input voltage, the power
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Fig. 3.3 ADC resolution and power trade-off model. For a given driv-
ing strength, the power consumption is bounded by the BBCO power and
the effective resolution by the jitter (in red). The envelope of the different
curves shows the power and performance Pareto front for the ADC design
(in blue).

consumption of the BBCO is proportional to the cell driving strength:

PBBCO(M) = PBBCO(M0)
M
M0

. (3.9)

The BBCO power is however independent of the number of stages in the
ring oscillator, as validated in Fig. 3.2. The dynamic power consumption
of the counter depends linearly on the output frequency of the BBCO. This
results in a total ADC power of

PADC = PBBCO,M + Pcounter = PBBCO(M) + 2 fosc(N, vavg)Edyn, (3.10)

where vavg is the mean input voltage and Edyn is the energy per cycle of the
counter. It follows from Eq. 3.5 and 3.10 that a trade-off between resolution
and power consumption in the ADC occurs when changing the number
of stages N or cell driving strength M. This trade-off can be modified by
design as illustrated in Fig. 3.3.
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Fig. 3.4 Performance configurability implementation in the ADC. Dig-
ital control signals Ci allow configuring the length of the BBCO.

3.3.3 Experimental validation with configurable ADC

As a digital-only circuit, performance configurability can be easily imple-
mented in the proposed time-based ADC. Based on the analysis in the pre-
vious section, the power and effective resolution trade-off can be tuned by
changing the length of the BBCO or the cell driving strength. Changing
the driving strength, or equivalently connecting several cells in parallel,
is not trivial due to the added parasitic capacitance on the nets between
successive stages. It is therefore not used as a tuning parameter for the
performance configurability in this work. This has a limited impact on the
Pareto curve when only the designs with low power and low resolution
are targeted, due to the limit of minimally-sized stage driving strength as
shown in Fig. 3.3. The BBCO length can be reduced more conveniently by
closing the RO at different points in the loop depending on the value of
control signals, as shown in Fig. 3.4. Multiplexers are used to connect the
first stage of the BBCO with the output of intermediate cells in the loop.
After each intersection, one input of the following NOR3 gate is connected
to the control signal to stop the propagation of the transition in the unused
part of the RO. The introduction of this length selection slightly impacts
the RO frequency, which can be compensated by removing a few stages
if necessary. Additionally, the sampling frequency can also be modified
dynamically. As the frequency is generated as a divided clock from the
low-frequency reference clock on the SoC, a different division factor can be
selected.

In the AFE implemented in the SleepRider prototype of Chapter 2, the
flicker noise dominates the BBCO jitter at low frequency. As two single-
ended ADCs are used as a differential ADC, chopper modulation can be
used to modulate the intrinsic noise at higher frequency and filter it in the
digital domain as shown in Fig. 3.5. The flicker noise is thereby strongly
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Fig. 3.5 ADC chopper modulation. Chopper demodulation is moved
after the ADC to reduce BBCO flicker noise.

reduced and the thermal noise dominates the jitter noise. As the preceding
block in the AFE is the IA, which also includes chopper modulation, no
demodulation is performed between the blocks. This technique constraints
the sampling frequency to be an integer multiple of the chopper frequency.
The power consumption of chopper modulation in the digital domain is
negligible thanks to the low sampling frequency.

This configurable ADC was prototyped and included in the ICare SoC
fabricated in 22-nm FD-SOI from Global Foundries. The ADC is measured
with a sampling frequency of 4 kHz and a chopper frequency of 2 kHz,
for a signal bandwidth of 500 Hz (oversampling ratio of 4). Thanks to the
use of standard cells, the layout of the ADC is very compact as shown in
Fig. 3.6, with an area of 600 µm2 for a single-ended ADC or 1200 µm2 for a
differential ADC. Fig. 3.7 shows the power and effective resolution trade-
off for several configurations, with a range of 0.3 to 1 µW for 8 to 12 bits.
The Walden figure of merit (FoM), which is defined as

FoMW =
P

2ENOB fnyq
(3.11)

with P the power consumption and fnyq the Nyquist sampling frequency,
ranges from 0.23 to 1.3 pJ per conversion step. The configurability mea-
surements show good agreement with the model results calibrated with
simulation data. Slight discrepancies can be explained by the impact of
parasitic capacitances in the BBCO.
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Fig. 3.6 Configurable ADC layout. The layout of the ICare MCU SoC in
22-nm FD-SOI technology (a) and configurable ADC (b)

Fig. 3.7 Configurable ADC measurement. The measurement are respec-
tively obtained by changing the configuration signals to modify the BBCO
length. The solid line corresponds to the analytical model calibrated with
simulation data. The lines with constant energy per conversion step, i.e.,
Walden FoM, are shown in dashed lines.

3.4 Simulation-based approach with numerical optimization

Using SPICE simulations to explore the performance space of a circuit is
commonplace in analog circuit design. In the literature, several numerical
multi-objective optimization methods have been combined with simula-
tions to guide the exploration and converge towards the optimal Pareto
front. Those methods are usually based on evolutionary algorithms, in
which a set of design points evolve iteratively towards the optimum curve
using bio-inspired heuristics. The NSGA-II algorithm [115] has already
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Table 3.2 Analog circuit sizing with NSGA-II. The NSGA-II algorithm
has been applied to the sizing of different types of circuits in the literature,
often with a limited complexity.

Circuit #
tr
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s

Other
components #
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ab
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s

#
ob

je
ct
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#
co
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tr
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nt

s

This work IA 22 2 OTA, Ib, 3R 9 / 17 2 6

Kchaou [126] Integration, 2016 VF 11 Ib N/S 2 1
CCII 13 Ib N/S 2 1

Sanabria [127] IETE Tech Rev, 2018 CCII 13 Ib 9 2 4

Sasikumar [128] NetACT, 2017 OA 7 Vb, 2C 9 3 4

Nicosia [129] KBS, 2008 RF LNA 2 3R, 2L, 3C 7 2 3
Filter 0 4 OA, 18R, 8C 20 3 13
UWB LNA 2 2R, 3L, 2C 9 2 2

Cuate [130] MIPRO, 2019 OTA 12 Ib 6 2 1

Takhti [131] ISSCS, 2009 FC OA 11 Vb 16 2 4

Lopez [132] SMACD, 2016 LDO 14 2 Ib, 3R, 2C 17 2 0

Stas [133] NEWCAS, 2016 OTA 10 Ib 11 2 3
Voltage ref. 4 2C 8 2 2
DCO 12 RO 5 2 2
LNA 3 3R 7 2 3

IA: instrumentation amplifier - VF: voltage follower - CCII: second generation current conveyor - (FC)
OA: (folded-cascode) operation amplifier - RF/UWB LNA: radio frequency/ultra-wideband low-noise
amplifier - OTA: operational transconductance amplifier - LDO: low-dropout regulator - DCO: digitally-
controlled oscillator - Ib: bias current - Vb: bias voltage - RO: ring oscillator

been applied many times to analog circuit sizing [126, 127, 128, 129, 130,
131, 132, 133]. However, as shown in Table 3.2, the optimized circuits
are usually restricted to blocks with a limited number of devices and low
complexity, such as a small amplifiers. Due to the large number of time-
consuming simulations, when considering more complex circuits such as
a full IA, solutions are necessary to limit the number of simulation runs.

This section discusses the application of the NSGA-II multi-objective op-
timization algorithm to the sizing of the IA1 in the ECG arrhythmia clas-
sification system of Chapter 2. Two solutions for reducing the number of
simulations, i.e., cascaded SPICE simulations and high-level parameter se-
lection, are introduced. The resulting Pareto front obtained by the opti-
mization algorithm is verified experimentally and applied to the design

1This work only considers the sizing task for a fixed topology. Other works have pro-
posed optimizing the topology as well, either by selection or generation [134]. This however
lengthens the optimization process and may lead to circuits that are hardly interpretable by
the designer, and is therefore not considered.
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of a novel IA with configurable noise and power performance in TSMC
65-nm CMOS technology.

3.4.1 Instrumentation amplifier performance trade-offs

The IA is a fully-differential current-balancing topology previously shown
in Fig. 2.6 in Chapter 2. It is composed of an input transconductance (Gm)
that converts the differential input voltage to a proportional current varia-
tion, and a transimpedance (Zm) that converts it back to a differential volt-
age at the output. The total voltage gain (Av) of the amplifier is therefore
set by the ratio of the resistances in the Zm and the Gm, as well as by the
current mirror ratio (Eq. 2.4). The operating principles of the IA are de-
tailed in Section 2.4.1.

A reference and feasible sizing of this IA was performed manually and
will be used as a starting point for the design optimization methodology
presented in Section 3.4.2. Manually searching for the optimal values of
the circuit parameters is a difficult task due to the numerous trade-offs
between performance metrics. For example, the noise in this circuit is typ-
ically dominated by the Gm resistance Ri, the input transistor pair P1 and
the Gm current source N1. To minimize the noise, one would tend to mini-
mize Ri. However, choosing Ri too small impacts the gain due to the finite
output conductance of P1 as shown in Eq. 2.4, and also increases the dis-
tortion of the signal. As this conductance depends on the bias current, it
is directly linked to the power consumption which is the second perfor-
mance objective. On the other hand, the resistance values Ri and Ro will
be limited by the maximum silicon area. Other examples of such trade-
offs involve the current ratio between Gm and Zm (i.e., (W/L)P6/(W/L)P2
in Eq. (2.4)) which helps decreasing the power and the area but reduces
the gain, or the chopping frequency that improves the noise and common-
mode rejection ratio (CMRR) but impacts the bandwidth requirement and
distortion. Similar reasoning applies for most circuit parameters and per-
formance metrics.

3.4.2 Modeling via multi-objective optimization

The non-dominated sorting genetic algorithm (NSGA-II), proposed by Deb
et al. [115] as an improvement over the previous NSGA [135], is a numerical
optimization method for solving multi-objective optimization problems.
As explained in Section 3.1, when multiple performance objectives are con-
sidered, several optima exist, each corresponding to a different trade-off
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Fig. 3.8 Genetic optimization algorithm. The annotation on the arrows
show the inputs and outputs of the different blocks. The proposed acceler-
ation techniques are highlighted in blue.

between the different performance metrics. Compared to single-objective
optimization that only provides a single optimal result, the output of multi-
objective optimization is a set of optimal points distributed on the Pareto
front. Applied to analog circuit sizing, the optimization variables are the
sizing parameters of the circuit and the objectives are its performance met-
rics.

NSGA-II methodology for analog sizing

Like other evolutionary algorithms such as PSO [113] or MOEA/D [114],
NSGA-II is an iterative process in which a population X, made up of in-
dividuals that each correspond to a set of circuit parameters x, evolves for
several generations, as shown in Fig. 3.8. At each generation, the perfor-
mance objectives and constraints are evaluated and a subset of candidates
are selected to generate a new population, as detailed in the following
stages:

1. Initialization The initialization phase consists in finding a non-opti-
mized initial population X0 that meets the performance constraints. This
is done by a random search in the design space and stops as soon as three
valid individuals are found.
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2. Fitness evaluation: At each ith generation, the new population Xi
starts the genetic selection process. During fitness evaluation, all perfor-
mance objectives f(xi,j) and constraints g(xi,j) are computed for each indi-
vidual xi,j ∈ Xi (i and j are the generation and individual indices, respec-
tively). To evaluate the performance metrics, the algorithm instantiates
each circuit in an external SPICE simulator and runs the appropriate anal-
yses.

3. Descendant selection: Similarly to the biological phenomenon it repli-
cates, genetic algorithms select only the fittest subset of individuals, based
on the results of the fitness evaluation. The NSGA-II algorithm is based on
an elitist selection mechanism where all the best individuals are allowed to
carry on to the next generation. At each generation, descendant selection
first discards all individuals in the population Xi that do not meet the per-
formance constraints g(Xi) > T. The remaining individuals along with the
selected members of the previous generation XPareto

i−1 are sorted in succes-
sive nondominated fronts and their spread in the objective space is mea-
sured by the crowding distance [115]. N individuals are selected in XPareto

i ,
firstly based on the rank of their nondominated front, then in descending
order of distance (here we choose N = 30).

4. Population generation: The individuals selected at generation i, i.e.,
the subset XPareto

i , are used to stochastically create the population of the
next generation Xi+1. Three independent processes are used to create new
individuals. Mutation consists in taking an individual and slightly modify
a few of its circuit parameters. Cross-over is a process where two individ-
uals mix their parameters to create an offspring. Finally, a few randomly
generated individuals are incorporated at each generation to reduce the
risk of moving towards a local optimum.

Each time a population is generated, it goes back to the fitness evalua-
tion step, until a stopping criterion is met. Stopping criteria based on the
convergence of the solutions is hard to establish in multi-objective opti-
mization problems because of the high dimensionality of the result [136].
For the sake of simplicity, the stopping criterion is often chosen as the max-
imum number of iterations.

Reduction of simulation runs
The drawback of genetic algorithms is that they often require a large num-
ber of simulations for solving the multi-objective optimization problem.
This issue worsens when time-consuming simulations such as long tran-
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Fig. 3.9 Simulation time reduction with cascaded simulations. The first
column shows the time for evaluating a single circuit candidate for all anal-
yses. The following columns show the average time spent for each analysis
throughout the generations.

sients or Monte-Carlo simulations are used and when the design space is
large, typically for complex analog circuits. Two solutions are proposed
in this work to mitigate the simulation time issue. The first solution relies
on the fact that when many performance metrics are used as objectives or
constraints, several SPICE analyses may be required with respective sim-
ulation times that differ in orders of magnitude (e.g., from 0.1 s for a DC
point calculation to 50 s for Monte-Carlo analysis with transient signals).
To gain simulation time, the simulations are run from the shortest to the
longest and candidates are rejected as soon as requirements are not met,
similarly to [117] in the case of exhaustive space search. The rejection can
be done on the basis of both performance constraints that are violated or
performance objectives that are not improving compared to previous gen-
erations. This allows to save simulation time on the longest analyses for
individuals that are not optimal. Compared to unconditional simulations
in which all analyses are performed, we observe a 7.8× reduction in the
total simulation time as shown in Fig. 3.9.

Secondly, the design parameter space is reduced by relying on designer
knowledge. Starting from a manual sizing performed initially, a subset of
higher-level parameters are tuned instead of considering all low-level de-
vice dimensions individually. This can be done by deriving a few main
equations driving the circuit performance to identify the main parameters.
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Additionally, several parameters can be scaled together to keep the refer-
ence relative sizing within functional groups of devices (e.g., cascode cur-
rent mirrors). Ideally, the final set of parameters should be as small as pos-
sible while still allowing enough flexibility to optimize the objective while
meeting the constraints. In the case of the IA, circuit inspection shows that
the circuit has at least 28 degrees of freedom. In order to narrow the param-
eter space, only the main design degrees of freedom are considered. Based
on Equation (2.4), we select the resistances Ri and Ro, the inversion level
of the input transistor pair P1 and PMOS cascaded current mirror repre-
sented by their parameter gm/ID [137], and the P2/P6 width ratio, as de-
grees of freedom. The bias current Ire f is also included to sweep the power
consumption. As the NMOS current sources are major noise contributors,
the gm/ID of transistor N1 is left as independent parameter, as well as its
length so that the area can be modified independently. Finally, due to the
low bandwidth of the IA, the chopping frequency fchop has a consider-
able impact on the noise and is also included. Table 3.3 summarizes the
list of optimization parameters and the range of admissible values. When
performing a random space exploration to find candidates that meet the
constraints, reducing the number of parameters from 17 to 9 increases the
percentage of valid candidates by 40%. This effect is however mitigated
during the optimization process as the genetic algorithm only searches in
the neighbourhood of valid candidates with mutation or crossover. The
improvement in convergence speed is therefore mostly apparent during
the early stages of the convergence. Figure 3.10 shows the convergence
based on the hypervolume (HV) metric, which is computed as the volume
contained by the Pareto front in the objective space [138]. After conver-
gence of the NSGA, the hypervolumes only differ by 0.8%. The time taken
to reach 90% of the final HV is 47% shorter when considering 9 parameters
instead of 17.

Optimization results and final Pareto front

Fig. 3.11 illustrates the process of convergence in the case of an IA with
input-referred noise (IRN) and power consumption as performance objec-
tives. In addition to the power-noise trade-off optimization, performance
constraints for a typical biomedical application such as electrocardiogram
(ECG) signal acquisition such as CMRR, distortion, or bandwidth are con-
sidered in this work, as summarized in Table 3.4. The results illustrate
power-noise improvement across successive generations, with an even dis-
tribution of individuals along the Pareto curve. This algorithm can be di-
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Table 3.3 IA design parameters. The selection of high-level parameters
leaves 9 optimization degrees of freedom, with corresponding allowable
ranges.

Parameter, xi Range

Reference current, Ire f 10nA - 1µA
Gm/Zm current ratio, (W/L)P6/(W/L)P2 1 - 6
Gm resistance, Ri 1kΩ - 100kΩ
Resistance ratio, Ro/Ri 40 - 120
Inversion level of input transistor, (gm/ID)P1 2 - 30
Inversion level of PMOS transistor, (gm/ID)p 2 - 30
Inversion level of NMOS transistor, (gm/ID)n 2 - 30
Length NMOS transistor, Lnmos 1µm - 20µm
Chopper frequency, fCLK 1kHz - 20kHz

Table 3.4 Performance constraints. Design points that do not achieve
the following requirements were rejected by the sizing algorithm.

Constraint, g(x) Threshold, T

Gain > 30 V/V
Bandwidth [0.1 - 250] Hz
Total harmonic distortion < 1%
CMRR > 80 dB
Dynamic range > 0.6 V
Active area < 20 000 µm2

rectly extended to include more performance objectives, at the cost of an
increased convergence time.

The resulting curve provides a model of the power and performance
trade-off for the IA. While the model is only exact at the points selected
by the algorithm, the final points show a trend which is smooth enough
to be interpolated with only a limited uncertainty, in order to provide a
continuous model. The desired number of points could also be increased
to achieve finer resolution.
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Fig. 3.10 Optimization speed-up with selection of high-level param-
eters. The genetic algorithm iterates for 30 generations with respectively
9 and 17 degrees of freedom. Light lines show convergence of individual
runs, bold lines show the average convergence.
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Fig. 3.11 Pareto front improvement over several algorithm iterations.
The performance objectives of successive generations converge towards
the Pareto-optimal curve and are displayed at several intermediate iter-
ations. The dashed lines are the constant-NEF contours.
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3.4.3 Configurable IA power-noise performance

Circuit configurability allows to dynamically change the circuit character-
istics based on the current operating conditions. For example, in the case
of an IA, input signals with different amplitudes or signal quality require-
ments may call for different IRN levels, leading to different power con-
sumption as shown in Section 3.4.2. A trivial solution to have several noise-
power trade-off choices is to implement several amplifiers on the chip and
enable them separately. However, this leads to a high area overhead, es-
sentially proportional to the number of configuration points. To avoid this
overhead, a single amplifier with configurable characteristics is required.
Song et al. [139] tuned the bias current of an amplifier to change its power
consumption and IRN. However, simulation shows that this does not en-
sure optimal performance in all configurations as the bias conditions of the
transistors vary. This work proposes to tune simultaneously several de-
sign parameters to reach optimal performance as obtained by the genetic
algorithm.

Based on the Pareto curve obtained in Fig. 3.11, four design points have
been selected to cover the noise-power range. Among the parameters con-
sidered in building the Pareto curve, transistor length and input transistor
P1 width have been set to a fixed value, as they have converged to a near-
constant value and they are more difficult to dynamically configure.

The configuration of the circuit parameters by the digital control signals
Ci can be separated in three main ideas illustrated in Fig. 3.12. Firstly, the
width of NMOS current sources is changed by modulating the number of
transistors in parallel. Each branch is controlled by a separated bias volt-
age for the cascode transistor Vcas,n,i, that can be tied to ground to stop the
current through that branch (Fig. 3.12.a). The generation of Vcas,n,i is per-
formed in the bias generation circuit where an additional transistor con-
trolled by the digital signal Ci is used to enable the corresponding branch.
All branches with Ci at high logic level appear in parallel and the reference
current Ire f is distributed according to the width ratio. Inserting the addi-
tional control transistor in the bias generation circuit saves dynamic range
in the signal branches and helps to avoid distortion. Secondly, the width
of PMOS current mirrors follows the same behavior in the Gm (Fig. 3.12.b)
using Vcas,p,i as control voltage. However, unlike NMOS current sources
that carry DC current, the bandwidth of PMOS current mirrors is a limit-
ing factor for the performance. In the low-power configuration, the gates
of inactive branches in the Gm and Zm are connected to the Vo voltage,
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Fig. 3.12 Performance configurability implementation in the instru-
mentation amplifier. Digital control signals Ci allow configuring the width
of transistors in current sources and current mirrors, and the resistance of
polysilicon resistors. The branches in grey do not include digital control as
they are always-on. Variable current source is provided off-chip.

thereby increasing the parasitic capacitance. In order to avoid this, addi-
tional switches on the gates of the deactivated branches are used to dis-
connect the gate from the Vo voltage, which is replaced by a much smaller
source capacitance of the control transistor. Finally, changing the resistors
Ri and Ro is done using transmission-gate switches to short-circuit parts of
the polysilicon resistors (Fig. 3.12.c). As the resistance of Ri and Ro is quite
high, the on-resistance of the switches does not impact the signal quality.
Additionally, multiple frequencies of the chopper clock are generated on
chip with clock dividers. The variable current reference is provided off-
chip.
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Fig. 3.13 Configurable IA prototype chip layout. The chip photograph
shows the location of four stand-alone IAs in red and one configurable IA
in blue. The area is approximately 0.035 and 0.055 mm2 for stand-alone
and configurable IAs, respectively.

3.4.4 Experimental validation

In order to validate the optimization methodology and amplifier config-
urability, a prototype chip has been built in TSMC 65nm LP CMOS. As
shown in Fig. 3.13, each prototype includes five amplifiers: the first four
are stand-alone amplifiers which each correspond to one selected point of
the Pareto curve, and the last one is the configurable amplifier that allows
modification of the power-noise trade-off using control signals.

The measured performance of the stand-alone and configurable ampli-
fiers match the results of the genetic algorithms obtained with pre-layout
simulations. The performance of the configurable IA ranges from 0.17 µV
to 1 µV of RMS IRN and 23.8 µW to 0.56 µW of power consumption. The
minimum NEF is 1.93. All constraints from Table 3.4 are met in all config-
urations. No performance penalty is introduced by the configurability.

The proposed configurable IA sized using the NSGA-II algorithm per-
forms better in terms of noise-power trade-off compared to most state-of-
the-art references. It can be noted that the works from Yaul et al. [140] and
Song et al. [139] achieve lower power consumption by both using an ex-
tremely low supply voltage below 0.3 V on the input stage. This reduces
the input dynamic range, which is a limiting factor in most biomedical ap-
plications.

The chip measures 1.91×0.75 mm2. The area of the configurable IA is
0.055 mm2, compared to around 0.035 mm2 for each stand-alone amplifier.
The limited difference is explained by the inverse relationship between re-
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Fig. 3.14 IA performance measurement and comparison with the state
of the art. Measurement results are compared for stand-alone and config-
urable amplifiers, as well as state-of-the-art references. The IRN from the
state of the art has been scaled to a [0.5 - 100] Hz bandwidth.

sistors and transistors sizes in the different configurations according to the
genetic algorithm. Indeed, while low-power configurations require small
transistors, the resistance value is higher, and inversely for low-noise con-
figurations. The configurability logic and switches incur a negligible area
overhead.

3.5 Software emulation approach

The performance evaluation of the DBE, consisting in this case in the accu-
racy of the inference, differs significantly from the performance evaluation
in the AFE. While the local performance of an analog block can generally
be represented as a single metric independent from the input signals2 (e.g.,
noise or transfer function of the IA, resolution of the ADC, etc.), the accu-
racy of the processing algorithms is highly dependent on the characteristics
of the input data. The power and performance trade-off is therefore mod-
ified by two different types of parameters: extrinsic parameters that relate
to the data received at the input of the DBE during its execution, and intrin-

2Note that this is not necessarily the case and requires the choice of metrics that feature
this characteristic. For instance, inversely, the signal-to-noise ratio of an amplifier depends on
the amplitude of the input signal.
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sic parameters that are used for the design of the software algorithm. The
extrinsic parameters typically impact the quality of the input data, which
reduces the classification accuracy, for example due to a degraded sepa-
rability of the classes. Due to the considerable number of possible signal
variations, building a model that reflects this complexity would be unfea-
sible. This issue is exacerbated by the difficulty to predict the behavior of
machine-learning models which are often hardly interpretable.

The intrinsic parameters considered in this work are the hyperparame-
ters of the support-vector machine (SVM) classification model, such as the
number of features and the SVM pruning threshold. The number of fea-
tures can be controlled directly when training the algorithm based on the
training set provided. To choose the features, we use the sequential for-
ward floating search (SFFS) algorithm [76], similarly to Chapter 2, to pro-
vide an order list of features, which can be truncated based on the desired
number of features. The number of support vectors NSV cannot be con-
trolled directly when training SVM. As a control parameter, the smoothed
separable case approximation (SSCA) pruning method is used to sweep
the complexity of the SVM classifier, and thus indirectly modify the num-
ber of support vectors [77]. This method consists in discarding the support
vectors that are close to the decision boundary in order to increase the sep-
arability of the dataset. The pruning parameter corresponds to the width
of the margins around the decision boundary: a higher value for this pa-
rameter leads to wider margins and therefore a simpler model with less
support vectors.

3.5.1 Hardware-accurate fast performance evaluation

As it is not possible to sum up the DBE performance in a low-complexity
model, implementing an efficient evaluation method is necessary to avoid
long simulation time. First, this method should allow to take different in-
put signals, which correspond to the output of the AFE, including signal
non-idealities (noise, distortion, interference, etc.). Second, the precision of
the computations should match the actual hardware execution, e.g., with
the same data types and models. Third, it should take into account the
hardware limitations of the target platform, such as memory or real-time
constraints. Finally, the simulation time should be faster than real-time
hardware execution so that the performance can be assessed on the full
MIT-BIH arrhythmia database used in Chapter 2.
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The simulation of digital systems can be performed with different tools
which each correspond to different abstraction layers and result in vary-
ing levels of accuracy and execution time, as illustrated in Fig. 3.15. At
the bottom of the abstraction hierarchy, simulation of hardware descrip-
tion languages (HDL) such as Verilog or VHDL provides the exhaustive
logic execution at the gate level in the processor, busses and peripherals.
It therefore provides the most accurate results, at the cost of an execution
time thousands of times slower than real-time hardware execution for ba-
sic MCU simulation. As an alternative to HDL simulation, SystemC is a
set of C++ libraries that are meant to perform transaction-level modeling
(TLM), i.e., system-level execution with the different modules and inter-
faces. By providing models of the hardware components (e.g., Cycle Mod-
els from ARM for Cortex processors), the outputs of the system remain
accurate with a higher simulation speed, though still slower than real-time
hardware. Real-time simulation can be performed with instruction set sim-
ulators (ISS) which rely on instruction-accurate models such as the Fixed
Virtual Platforms (FVP) from ARM. Those simulators are usually included
in dedicated integrated development environments (IDE) for embedded
software design. While the simulated processing results remain accurate
compared to the target hardware, the performance in terms of the num-
ber of cycles is only approximated. The evaluation can also be performed
at the software level by emulating the execution of the C or C++ code on
a computer, without considering the specificities of the target hardware.
This approach enables an execution time faster than hardware execution
as the same code is executed on a platform with much more computing
resources. Finally, at the algorithmic level, high-level programming lan-
guages such as MATLAB or Python are used. These offer great versatility
for data processing and fast simulation but are completely agnostic with
regards to the hardware execution on the embedded device.

In this work, the inference performance evaluation is performed by the
emulation of the C software code on a Linux server. Compared to an eval-
uation using a high-level programming language, the simulation time is
slightly higher, but it allows to take into account some specificities of the
software such as fixed-point calculations. As this emulation does not take
into account the hardware constraints of the embedded device such as real-
time execution or memory capacity, nor does it provide power or execu-
tion time estimates, those are computed using analytical regression mod-
els based on reference data points obtained from HDL simulation and logic
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Fig. 3.15 DBE simulation tools. The orders of magnitude for execution
time depend significantly on the simulated hardware, with regards to its
scale or operation frequency, and on the simulation environment such as
available computing resources, or target simulation accuracy.

synthesis. The evaluation framework shown in Fig. 3.16 is built in Python.
The central part of this model is a Python C extension module which ex-
plicitly executes the software code of the arrhythmia classification system.
This C module takes as inputs the samples to be processed, the software
code and a model for the SVM classifier. For the arrhythmia classifica-
tion use case, the samples are obtained from an ECG database, which can
be possibly modified with analog non-idealities according to extrinsic pa-
rameters. The software code is the C code intended for execution on the
embedded device, but compiled for emulation on the Linux server. The
model of the SVM classifier includes support vectors, weights and hyper-
parameters and is trained according to the values of the intrinsic parame-
ters. At the output of the C module, the labels inferred by the algorithm
are compared with the reference annotations from the database to calculate
the accuracy results. The SVM classification model is obtained by training
a model with the features extracted by the C software from a training set.
The training is performed in Python using the scikit-learn library [141].
While the training is performed in floating points, it is converted back to
fixed-point for execution in the embedded device.

In order to check the hardware limitations which are not included na-
tively by the C emulation approach, the constraints are calculated based on
the characteristics from the trained SVM model. The total memory size de-
pends on the baseline code size and the RAM space required for execution
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Fig. 3.16 DBE performance simulation framework. The framework is
implemented in Python and allows to evaluate the inference performance
for a given input dataset, according to the value of design parameters.

which both remain unchanged, and the SVM model data which depends
on the training. The memory size variation is therefore directly obtained
from the trained SVM model, and it is compared with the remaining mem-
ory capacity. Regarding the real-time execution constraint, the hardware
execution time depends on the number of iterations required to compute
the SVM decision function and on the data rate at the input. As those pa-
rameters influence linearly the execution time, a simple model calibrated
with a few HDL simulations can be generated, which allows to check the
constraint. This analytical approach to evaluate hardware constraints is
only possible thanks to the regularity of the SVM model and parameters.

Fig. 3.17 shows the accuracy evaluation obtained by the DBE simulation
tool. Sweeping the SVM pruning parameter and the number of training
features allows to modify the classification model complexity, reflected by
the increasing number of support vectors and features. The number of sup-
port vectors decreases by design with the pruning parameter, and increases
with the number of features as the dimensionality of the separation bound-
ary increases and requires more points to define it. Classification sensitiv-
ity and positive predictive values drop when the model complexity de-
creases too much and is therefore not capable of properly representing the
classes, or when it increases too much and overfits the training data. The
developed tool also checks the memory and real-time constraints, which is
important in particular for complex models.
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Fig. 3.17 DBE classification accuracy model. When changing the DBE
parameters such as SVM pruning threshold or number of features, the ac-
curacy degrades due to too high or too low model complexity. With low
SVM pruning, the number of SVs increases dramatically and overflows the
memory space.

3.5.2 Analytical power model

The C emulation approach proposed in the previous section does not pro-
vide the power consumption associated to software execution, nor the ex-
ecution time which can be used as a proxy. Instead, a model of the power
consumption based on known software parameters is used. The power
consumption of the DBE is defined by the software code that implements
the processing task, and the data rate at the input. The execution time
and power of the software code depends on the complexity of the algo-
rithm, which can be measured by the number of selected features N f eat
and the number of support vectors NSV . These parameters are available in
the performance evaluation framework presented previously after training
the model. The input data rate is given by the sampling frequency of the
ADC Fs.

The total DBE energy consumption is equal to the sum of the energy re-
quired to perform the different sub-tasks: beat detection, feature extraction
and SVM classification. For the beat detection, implemented by the algo-
rithm from Pan and Tompkins [71] which mainly consists in a few filtering
steps and an adaptive threshold, the total energy depends on the number
of samples at the input, i.e., the sampling frequency Fs, and the energy per
sample Edet. For the feature extraction, given that all computations for the
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DWT and RR interval measurements need to be performed as soon as at
least one such feature is selected, changing the number of features does
not impact the associated energy. This is not a significant issue given that
it only accounts for 16% of the DBE energy. For the SVM classifier using an
RBF kernel, both the number of features and the number of support vectors
impact the total energy per detected beat. The number of features modifies
the calculation of the squared Euclidean distance, whose computation cost
is proportional to the number of features:

di(x)2 = ||x− xSV,i||2 =

N f eat

∑
j=1

(xj − xSV,i
j )2. (3.12)

The number of support vectors proportionally changes the calculation of
the kernel function:

F(x) =
NSV

∑
i

αie−γdi(x)2
. (3.13)

The average power is therefore given by the following equation:

PDBE = FsEdet + FHR

(
EFE + NSV(Edec + N f eatEdist)

)
, (3.14)

where FHR is the heart rate, EFE is the energy for performing feature extrac-
tion on a detected beat, Edec is the energy per support vector to compute
the SVM decision function and Edist is the energy per feature and per beat
to compute the Euclidean distance.

Fig. 3.19 illustrates the DBE power model by sweeping the number of
features and support vectors. The constants in Eq. 3.14 are extracted from a
few calibration points obtained with the place-and-route tool, Cadence In-
novus, using activity annotation data from HDL simulations and standard-
cell library characterization, as shown in Fig. 3.18.

3.6 Comparison of the approaches

In this chapter, several methods for evaluating and modeling the power
and performance trade-offs of circuit blocks have been presented. While a
unified approach applicable to any circuit block may be more convenient
and appealing, the types and characteristics of circuits encountered in sen-
sor systems are so diverse that it is difficult to find a solution that would
fit them all. The different methods presented above can thus be chosen to
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Fig. 3.18 DBE model calibration flow. The constants in the DBE analyti-
cal model are calibrated using data from digital simulation and implemen-
tation. Pdet, PFE and PSVM are the average power consumption during the
beat detection, feature extraction and classification steps.

Fig. 3.19 DBE power model. The graph shows a contour plot of the DBE
power consumption depending on the intrinsic parameters.

fit the context and requirements for distinct target circuits and models. To
ease this choice, we discuss in this section some of the qualitative advan-
tages and bottlenecks of those approaches, as summarized in Table 3.5.

The analytical approach has the main advantage of being the fastest to
generate, at least for simple models. These preliminary models can then
be iteratively refined to include second-order effects. This approach relies
on the least number of simulations, limited to setting the constants in the
equations and verifying the validity of the model. The major disadvan-
tage of this method is that the quality of the model directly depends on
the knowledge of the circuit. For that reason, it can hardly be applied to
IP macros that are used as black boxes, or very complex circuits whose
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Table 3.5 Comparison of modeling approaches
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Low number of simulations 3 7 7

Explainability of the trade-offs 3 7 7

Fast model evaluation 3 3 7

Concurrent optimization 7 3 7

No circuit knowledge required 7 3 3

Allows modeling complex behaviors 7 3 3

Model reacts to on input data 7 7 3

behaviour is difficult to model. However, some simple models can be gen-
erated early in the design without having a functional implementation of
the circuit, for example by considering general figures of merit (energy per
conversion step for an ADC or noise efficiency factor of an IA).

The numerical optimization approach, implemented in this work with
multi-objective algorithms, has the advantage of automatically extracting
the trade-off curve represented by the set of Pareto-optimal points. In ad-
dition to modeling the trade-offs, this method also importantly performs
an optimization of the circuit performance. It does not explicitly require
designer knowledge about the circuit and is capable of generating rela-
tively complex models. However, despite the improvements proposed in
Section 3.4.2, the large number of circuit simulations required can take a
significant amount of time.

The last approach of explicit emulation of the circuit execution is mainly
useful when the previous approaches are unfeasible. This can be due to the
dependency of circuit performance on input signals, as presented in the
DBE. While the other approaches can provide the performance informa-
tion instantaneously once they have been generated, the circuit emulation
always relies on time-consuming simulations, even if they are accelerated
on more powerful hardware.
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It is important to note that the association between circuits and mod-
eling methods we presented in this chapter are not the only possibility.
For example, the noise and power trade-off in the instrumentation am-
plifier could have been modelled analytically by considering a constant
NEF model. While it already provides an acceptable approximation, it can
be seen that, compared to the more detailed model of Fig. 3.11, such an-
alytical model would not be able to consider the limitations close to the
boundaries of the design space. The other way around, the ADC could
have been optimized using the numerical optimization approach with a ge-
netic algorithm, or directly simulated similarly to the DBE. While it would
have required more simulation time and reduced the understanding of the
model, some additional second-order effects may have been included in
the model.

3.7 Conclusion

Several methods for modeling the power and performance trade-offs of
digital and analog circuits were presented, which all have their own advan-
tages and limitations. They vary with each other regarding the achieved
level of accuracy, simulation time, or required designer knowledge. In
this chapter, three different types of circuits, from analog, mixed-signal
and digital domains were evaluated with the respective approaches. This
shows that the different approaches can apply to a wide range of circuits
and design contexts. The models produced by these methods can then
be used by the designer to select the appropriate power and performance
trade-off for the system, possibly using hierarchical design methodology
for making an informed choice. When several circuit alternatives are con-
sidered, for example with different topologies, comparing their trade-off
curves also provides a more exhaustive comparison with regards to the
range of performance that can be achieved.

In Chapter 4, the approaches presented to extract the power-performance
trade-offs of the different circuit blocks are included in a system-level op-
timization methodology. By estimating the impact of local performance on
the system accuracy and observing the related local power consumption,
this methodology allows to find the optimum for the total power consump-
tion that meets the global performance requirements.
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system optimization

4.1 Mixed-signal system optimization

Modern mixed-signal systems-on-chip (SoCs) such as microcontrollers, im-
age sensors, or RF subsystems are usually designed in a hierarchical fash-
ion. The top-level system is divided into several functions such as control,
signal acquisition, data processing or communication, which are carried
out by analog (amplifiers, oscillators, voltage references), digital (proces-
sor, logic accelerator) or mixed-signal circuits (analog-to-digital convert-
ers, phase-locked loops, comparators). Each circuit, possibly subdivided
into smaller functional units, can then be designed at the device level by
choosing the appropriate circuit topology and sizing. Many computer-
aided design (CAD) tools have been implemented to help with the syn-
thesis, layout, simulation or verification of these blocks, making it possible
to deal with increasingly complex designs. While many aspects of the de-
sign at the circuit layer have been largely automated, especially for digital
circuits, the system-level design still relies mostly on the designer knowl-
edge. For instance, setting the performance specifications for individual
circuits inside the system remains a critical and challenging task. Indeed,
the importance of choosing these appropriately comes from the fact that
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overall performance achieved by the system is a function of the block-
level performance of all constituting circuits. On the one hand, relaxing lo-
cal performance requirements allows to reduce the power consumption of
these blocks, but may lead to a non-functional system. On the other hand,
an overconstrained design often comes at the cost of power consumption
overheads. Meanwhile, the challenge of setting these performance levels
resides in the specificities of modern mixed-signal SoCs. For instance, the
complex relationships between block-level and top-level performance can
hardly be inferred directly. Digital and analog circuit design operate on
different time and amplitude scales, which is reflected by their different
sets of CAD tools. Full system-level performance evaluation through flat
simulation is generally not possible due to the high number of devices.

While previous work in hierarchical system design focused on a single
digital or analog domain, this chapter proposes a cross-domain method-
ology suitable for complex mixed-signal systems. It aims specifically at
minimizing the total power consumption of biomedical sensor systems by
choosing optimal performance requirements for its internal blocks. This
methodology consists of three steps: (1) extracting power-versus-perfor-
mance curves for the constituting circuits, (2) building a macromodel of
the system performance and (3) using a numerical constrained optimiza-
tion algorithm to find optimal system design parameters. The use of a
macromodel, including here both analog and digital circuits, for abstract-
ing the system operation allows fast performance evaluation at the system
level. Gradient-based numerical optimization is used to efficiently nav-
igate the system design space and find the global power minimum that
meets the performance constraints. Assuming that performance trade-off
curves have already been extracted for each circuit using for instance the
approaches presented in Chapter 3, this chapter focuses on steps (2) and
(3). As a demonstration of the proposed method, we apply it to the op-
timization of a cardiac arrhythmia classification system, with the goal of
minimizing its total power consumption while maintaining a high infer-
ence accuracy. This system includes an analog-only circuit—the instru-
mentation amplifier (IA) in the analog front-end (AFE)—, a digital circuit
with embedded software—the beat detection, feature extraction and classi-
fication tasks in the digital back-end (DBE)—, and a mixed-signal circuit—
the analog-to-digital converter (ADC) in the AFE. Fig. 4.1 illustrates the
optimization problem, in which the performance of the individual circuits
can be tuned using a few high-level parameters : the IA bias current Ib, the
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Fig. 4.1 Mixed-signal system optimization problem. High-level design
parameters are used to tune the block-level performance trade-offs in blue.
The optimal performance requirements in red, related to a corresponding
set of design parameters, are found so that the total power in green is min-
imized while the global inference error rate is not excessively degraded.
The baseline system design and operating conditions are similar to the sys-
tem presented in Chapter 2.

number of bits NQ in the ADC, the sampling frequency Fs, the number of
features N f eat in the DBE and the support-vector machine (SVM) pruning
threshold DSVM.

This chapter presents the proposed methodology and its application to
the cardiac arrhythmia classification system from Chapter 2. In Section 4.2,
the optimization problem is described and formalized mathematically. Sev-
eral optimization methodologies for hierarchical system optimization from
the state of the art are compared and the main challenges specific to com-
plex mixed-signal systems are highlighted. The proposed optimization
methodology and implementation are detailed in Section 4.3. Starting from
the performance models extracted in Chapter 3, a power and performance
macromodel of the system is implemented in Python. The sequential least-
square programming (SLSQP) algorithm chosen for the numerical opti-
mization is then briefly presented and applied to this model to find the
global design optimum to minimize power consumption. The results of
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the system optimization and the performance gains obtained are outlined
in Section 4.4. Finally, Section 4.5 discusses the advantages and limitations
of the proposed methodology.

4.2 Optimization of a cardiac arrhythmia classification sys-
tem

The optimization problem addressed in this work is the minimization of
the power consumption of a cardiac arrhythmia classification system, sim-
ilar to the one proposed in Chapter 2. The total power consumption is
optimized by reducing the power consumption of its individual circuits
in both analog and digital domains. However, generally speaking, reduc-
ing the power consumption of a circuit has a negative impact on its local
performance. At the global level, a constraint is set on the inference perfor-
mance which must remain close to the baseline performance obtained at a
high power consumption, therefore limiting the local performance degra-
dation. As the whole system design space is extremely large, the trade-off
between power and performance is tuned in this work by a few selected
high-level design parameters. In this section, the problem is detailed and
formalized, before comparing several system design methodologies from
the state of the art.

4.2.1 Mathematical formalization of the problem

The goal of the optimization problem is to minimize the power consump-
tion of the system while maintaining the accuracy above a given threshold.
Mathematically, this goal can be formalized as a single-objective minimiza-
tion problem with inequality constraints, which can be written in the fol-
lowing way [63]:

min
x∈Ω

f (x),

with f : RD → R and x = (x1, x2, ..., xD) ∈ Ω ⊂ RD

subject to gi(x) ≥ 0, i = 1, ..., M

xL
i ≤ xi ≤ xU

i , i = 1, ..., D

(4.1)

with x the optimization variables, f (x) the minimization objective func-
tion, gi(x) the constraint functions, Ω the parameter space, D the number
of degrees of freedom and M the number of constraints. The origin pa-
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rameter space Ω is defined here by the lower and upper bounds for each
parameter, respectively denoted as xL

i and xU
i .

Applied to the cardiac arrhythmia use case, the vector x corresponds to
the set of design parameters used to tune the performance level of each
block. In this work, 5 parameters are chosen across the analog and digital
domains (D = 5): the bias current Ib in the IA, the quantization resolution
NQ and sampling frequency Fs in the ADC, the number of features N f eat,
and the SVM pruning threshold DSVM in the classification software.

The total average power consumption of the system is simply expressed
as the sum of the average power consumption of its internal blocks

P(x) = PIA(x) + PADC(x) + PDBE(x) + P0 (4.2)

where P(x) is the system power consumption, PIA, PADC, and PDBE are the
power consumption of the different blocks which depend on the design pa-
rameters x, and P0 is a constant power consumption which includes other
parts of the system that are not subject to the optimization. In the rest of
this work, P0 is discarded as it does not impact the optimization task. The
associated objective function to be minimized is chosen as

f (x) = log10
(
P(x)

)
(4.3)

where a logarithm is used for scaling to ease the numerical optimization.

The performance of the arrhythmia classification system is measured by
the accuracy of the output inferred beat classes. We focus specifically on
the arrhythmia classes V and S, and not the "normal" N class, given to the
large class imbalance in the dataset and the higher applicative importance
of the arrhythmia events. The metrics for classification error rates are the
false negative rate (FNR, also equal to 100% - sensitivity) and false dis-
covery rate (FDR, equal to 100% - positive predictive value). The overall
accuracy obtained at the system output depends on the local performance
of the blocks:

FNRV(x) = hV,FNR(pIA (x), pADC(x), pDBE(x))

FDRV(x) = hV,FDR(pIA (x), pADC(x), pDBE(x))

FNRS(x) = hS,FNR(pIA (x), pADC(x), pDBE(x))

FDRS(x) = hS,FDR(pIA (x), pADC(x), pDBE(x))

(4.4)
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where h(·) are a priori unknown functions that map block-level with sys-
tem-level performance, and pIA, pADC, and pDBE are the individual block
performance levels. Four constraint functions are chosen so that the re-
spective inference error rates do not increase by a certain percentage above
their baseline, as defined by the following equations:


FNRV(x) ≤ (1 + α)FNR0

V

FDRV(x) ≤ (1 + α)FDR0
V

FNRS(x) ≤ (1 + α)FNR0
S

FDRS(x) ≤ (1 + α)FDR0
S

⇒



g1(x) = log10

(
(1 + α)FNR0

V
FNRV(x)

)
≥ 0

g2(x) = log10

(
(1 + α)FDR0

V
FDRV(x)

)
≥ 0

g3(x) = log10

(
(1 + α)FNR0

S
FNRS(x)

)
≥ 0

g4(x) = log10

(
(1 + α)FDR0

S
FDRS(x)

)
≥ 0

(4.5)
where the parameter α represents the maximum degradation from the base-
line error rates FNR0

V , FDR0
V , FNR0

S and FDR0
S. A typical value for α is 50%.

4.2.2 State of the art for system design and optimization

The problem of choosing block-level specifications to ensure that circuit
design leads to the expected system performance is a typical issue in hier-
archical system design. Several design methodologies have been proposed
in the literature, as shown in Fig. 4.2(a). Those methodologies are mostly
derived from the two most common bottom-up and top-down approaches,
on each extremity of the illustration.

On the left, in the bottom-up approach, the designer starts designing the
constituting blocks with only a limited set of a priori specifications [45, 47].
It is only when the blocks are assembled together that the overall perfor-
mance can be evaluated, often leading to subsequent design re-spins if the
performance is not sufficient compared to the expected specifications. The
alternative is to over-design the individual blocks from the start, which
likely results in sub-optimal designs. Despite these disadvantages, bottom-
up design is still commonly used in practice [142]. The multi-objective
bottom-up (MUBU) methodology extends the bottom-up approach by con-
sidering several circuit designs with a parametrized circuit sizing to rep-
resent a wider range of circuit performance [47]. Instead of propagating a
single design point per block at the higher level as in the original bottom-
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up approach, several points corresponding to different performance trade-
offs are chosen to represent the Pareto performance of the circuit. The
trade-offs are then combined at the system level, which provides a wider
range of achievable performance and reduces the likelihood of not meeting
the specifications. However, the iterative combination of multiple circuit
performance levels across the hierarchy can lead to a large number of pos-
sible combinations, which is time-consuming when all options are consid-
ered, even when macromodels are used to emulate the block performance.

On the right side of Fig. 4.2, the top-down approach, sometimes re-
ferred to as the top-down constraint-driven (TDCD) method in analog de-
sign [143, 144, 145], consists in starting from the system-level specifications
and progressing downwards in the hierarchy to define the performance
levels of the blocks at the lower level. At each level, these required perfor-
mance levels become the constraints for designing low-level blocks. The
main difficulty lies in the translation of specifications from the higher-level
performance to the levels below, especially when the interactions between
the blocks are complex and non-linear. This translation can be done an-
alytically [145, 146] or using simulations [45]. For simulation-based ap-
proaches, parametrized behavioral macromodels of the different circuits
are used to evaluate the impact of local performance on the global system.
Once the specifications have been propagated, the lower-level designs are
then implemented to meet the specifications. However, these specifications
may not always be feasible, which then requires to go up the hierarchy to
modify the expected performance or architecture. Despite the difficulty of
translating specifications through the hierarchy, the advantage of the top-
down approach is that the final solution often ends up closer to desired
system specifications than in bottom-up design. Other works included a
preliminary feasibility modeling step to evaluate the regions of the circuit
performance space that can be achieved, in order to constraint the specifi-
cation translation [48]. However, modeling the whole performance space
of several circuits is a tedious tasks, especially when the complexity of the
circuit increases with many parameters and performance metrics.

In between bottom-up and top-down methodologies, other hybrid ap-
proaches have been proposed as attempts to ensure feasibility of the de-
sign and optimality of the results with respect to the target system specifi-
cations. One of these is the concurrent constraint-driven methodology that
aims at setting simultaneously the block-level specifications and lower-
level design parameters to ensure feasibility [147]. To do so, a numeri-
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cal optimizer is used to minimize a cost function which includes both the
achieved top-level performance obtained with a set of circuit specifications,
and the difference between the target and actual performance at the block-
level to make sure that they match. In this approach, both system and
circuit levels are optimized together, meaning that the optimization vari-
ables include the local performance requirements and block-level design
parameters. This quickly leads to a very large number of degrees of free-
dom which makes the optimization difficult for larger designs.

Finally, some works combined the bottom-up extraction of circuit Pareto
performance, similarly to the MUBU approach, with a top-down optimiza-
tion of the system-level design. For instance, Yu and Li [148] designed a
phase-locked loop (PLL) by relying on a bottom-up regression approach
to model yield-aware Pareto fronts of analog and digital circuits, a behav-
ioral model of the system in Verilog-A to simulate the top-level PLL perfor-
mance and a global optimization at the system-level with multilevel coor-
dinate search. Zou et al. [149] also demonstrated the design of a PLL, using
a linear model of the Pareto fronts of analog circuits, Verilog-A behavioral
modeling and top-level optimization. These approaches are however dedi-
cated to circuits which are mostly analog with small digital domains. Only
a few details are provided with regards to the implementation of the opti-
mization method, which is a decisive factor of the final design.

While those methods have all been studied in the case of analog system
design, they have not been applied to more complex mixed-signal systems
with large digital circuits involving signal processing. As many methods
rely on the modeling of direct input-output relationships specific to ana-
log circuits, they are hardly applicable in the case of more complex digital
circuits, especially when unpredictable machine-learning algorithms are
used. In addition, most methodologies are also limited to finding a design
that meets given system specifications, but do not include the optimization
of the system-level performance.

4.2.3 Challenges

Setting local performance requirements in order to optimize performance
at the system level is not a straightforward task, especially in complex
mixed-signal circuits which have not been addressed in previous works.
Indeed, the application of hierarchical design methodologies to cross-do-
main optimization encounters several specific challenges.
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System complexity Firstly, while the power consumption of the system
is only the sum of the power consumption of its constituents, the system-
level performance is often a complex non-linear function of the local per-
formance from each block. While analog circuits can generally be modeled
by first-order input-output relationships, the complexity dramatically in-
creases when digital processing algorithms such as machine learning clas-
sification are used. For example, in the cardiac arrhythmia classification
system described in Chapter 2, the relationship between the IA intrinsic
noise and the classification accuracy of the SVM can hardly be known with-
out extensive simulations.

Multiple circuit domains Secondly, sensor systems with embedded sig-
nal processing usually consist in mixed-signal systems with circuits in both
the analog and digital domains. The simulation tools that are used for each
domain are not the same, as they operate on different abstraction levels
and target different scales, both in time and amplitude. On the one hand,
analog and mixed-signal circuit design usually relies on SPICE simulators
that compute the voltage and currents at the transistor level. On the other
hand, digital tools simulate logic states in the circuit at the register-transfer
level (RTL) or gate level. Finally, algorithm design is usually performed
at a higher level of abstraction, using numerical computing software such
as Matlab or Python, which rarely takes into account directly the physical
hardware limitations of the target platform. This variety of design environ-
ments and contexts makes the simultaneous simulation of all system com-
ponents practically unfeasible without additional abstraction layers. While
macromodels have often been used to emulate the block-level behavior
in a single low-level simulation, the implementation of these models in a
time-efficient manner with accurate performance evaluation is more diffi-
cult when multiple domains are considered simultaneously.

Simulation time Thirdly, even at the block level, performance simula-
tion can be time-consuming, depending on the type of simulation that is
required. For instance, long transient or Monte-Carlo simulations for ana-
log circuits, simulations of large digital circuits for complex tasks with mil-
lions of clock cycles, or validation of machine-learning algorithms on large
datasets can each require a lot of time, up to several minutes, hours or days
long in some cases. The number of performance evaluations must there-
fore remain limited.

The proposed methodology answers the previous challenges in the fol-
lowing way. The system complexity is managed by a simulation-based ap-
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proach that allows to emulate the non-idealities of the different blocks and
their interactions. The exploration of the design space and its optimization
is performed by a numerical algorithm. The analog and digital domains
are abstracted concurrently in a global performance model that simulates
efficiently the analog transfer functions and non-idealities, along with the
digital processing algorithm. Local models of the local power and perfor-
mance trade-offs of the different blocks are built and used in the system
model to reduce the simulation time at the circuit level.

4.3 Proposed optimization methodology

The proposed methodology, illustrated in Fig. 4.1, is hierarchical and di-
vided in three steps. The first step consists in the bottom-up modeling of
local power and performance trade-offs of the blocks in the target system,
similarly to the MUBU approach. Different methods to perform this per-
formance space modeling have been described in Chapter 3. The second
step aims at modeling the global system power consumption and inference
performance as a function of the local performance characteristics of the
individual blocks extracted in the first step. Using a simulation-based ap-
proach, a cross-domain macromodel is implemented to take into account
both the analog behavior and non-idealities, and the digital signal pro-
cessing. The third step uses this performance macromodel and applies a
numerical optimization algorithm to find the optimum set of design pa-
rameters. As the first modeling step has already been explored in Chapter
3, Sections 4.3.1 and 4.3.2 will describe the macromodel implementation
and numerical optimization steps, respectively.

4.3.1 System power and performance macromodel

In order to evaluate the power consumption and inference performance at
the system level, the respective block-level characteristics need to be com-
bined together. On the one hand, the total power consumption of the sys-
tem can be easily evaluated as the sum of the power for each block (Equa-
tion 4.2). On the other hand, the global inference performance, taking into
account both the non-idealities in the AFE and the classification perfor-
mance in the DBE, is a complex function of the local block performance,
which can hardly be estimated a priori (Equation 4.5). When analytical ex-
pressions of system-level performance cannot be obtained and flat simula-
tion of the whole system is not possible due to the large number of devices,
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Fig. 4.3 System power and performance macromodel. The system per-
formance is obtained by applying behavioral models of the different com-
ponents to the database signals. The power consumption is obtained from
the models based on the data of the test set. System design parameters
can be modulated in their respective blocks. The light boxes correspond to
the model calibration data obtained from simulation, typically SPICE, and
only need to be extracted once at the beginning.

macromodels have been extensively used in the literature to emulate the
circuit blocks behavior and estimate the system performance through sim-
ulation [45]. The challenge of these macromodels is the trade-off between
complexity, with regards to both implementation and simulation, and pre-
cision. For example, a baseline model for an analog amplifier may emu-
late basic gain characteristics, but discard non-idealities such as distortion,
noise or limited bandwidth. The level of details of the circuit macromodels
impacts the precision of the system performance evaluation. While macro-
models have been widely used for analog or small mixed-signal circuits,
they are more rarely used for digital circuits.

A numerical model of the system, shown in Fig. 4.3, is built to simulate
the system performance. This model combines the behavioral models of
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the AFE, including several non-idealities, the hardware-aware execution
of the embedded C code, and the training and evaluation of the machine-
learning classification algorithm. The model wrapper is implemented in
Python for its suitability for data processing. As shown in Fig. 4.3, the MIT-
BIH arrhythmia database is used as input1, given its frequent use in the
arrhythmia classification literature (see Chapter 2). In the AFE, the acqui-
sition of the database signals are simulated using behavioral models of the
different blocks, including analog non-idealities. In the IA, the thermal and
flicker input-referred noise levels are modeled, as well as the transfer func-
tion including signal distortion. Common-mode rejection is not included
in the model as it requires a template for common-mode artefacts (such
as powerline interference or motion), which is not trivial to define. For
the ADC, the voltage-controlled oscillator jitter and voltage-to-frequency
transfer function simulate the oscillator frequency signal. This signal is
then integrated, sampled and quantized to emulate the ADC behavior. The
constants of the numerical model are set so that behavioral characteristics
are matched with the simulation results of the IA and ADC.

In the DBE, the accuracy cannot be directly modeled as a function of
the DBE design parameters due to its dependence on input signals. The
software is therefore explicitly emulated using a Python C extension mod-
ule that allows to execute custom C code, as explained in Section 3.5. The
simulation of the system inference accuracy is performed in two stages
for training and testing the SVM classifier, according to the data division
scheme in [74]. First, the signals from the training part of the database are
subject to the AFE model. Using the digitized samples at the output of the
AFE, the DBE model extracts the heartbeat features only, without perform-
ing the classification. The SVM classifier is trained on this set of features.
Secondly, the testing signals from the database go through the AFE and
DBE model, including the updated classifier model, to extract the inferred
class labels. The FNR and FDR metrics are computed by comparing the
model output with the database annotations.

In order to evaluate the system power and performance as functions of
the block-level performance (Eq. 4.2 and 4.4), the block-level models are
parametrized. The level of IA noise is modified by setting the amplitude of
the generated random white and pink noise added at the IA model input.

1The signals in the MIT-BIH arrhythmia database were digitized at 360 Hz with a reso-
lution of 11 bit over a 10 mV range. This recording performance sets the maximum signal
quality that can be modeled by the AFE.
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The corner frequency of flicker noise is kept unchanged. The power con-
sumption associated to the IA is obtained by interpolating the Pareto curve
obtained in Section 3.4. The quantization resolution of the ADC is modi-
fied by controlling the gain of the BBCO transfer function for the voltage-
to-frequency conversion. The sampling frequency is directly modified in
the sampling step. When changing the frequency, the BBCO transfer func-
tion is also modified to fit the target quantization resolution (Eq. 3.1 in
Section 3.3). The ADC power is calculated based on Eq. 3.10 in Section 3.3,
with the constant BBCO power consumption and the dynamic power in
the counter proportional to the average BBCO output frequency. In the
DBE, the filters used for beat detection are modified with the sampling
frequency to maintain their respective cut-off frequencies. When the sam-
pling frequency is reduced, the digitized signal is upsampled after the de-
tection stage and before feature extraction and classification. This allows
the feature extraction stage to remain unchanged and avoids multiple time-
consuming feature selections. The number of features and the pruning of
the SVM are included in the training phase of the classifier, and impact
the power and performance of the DBE through the modified model. The
power model takes into account the data rate, the number of features, and
the number of support vectors (Eq. 3.14).

4.3.2 Optimization algorithm

The simulation of the system power and performance is time-consuming,
despite the use of a macromodel as described in the previous section. This
long execution time is due to the AFE behavioral model that must be ap-
plied to the 21 hours of ECG signals, the execution of the C software for
beat detection and arrhythmia classification executed on the whole data-
base, and the training of the SVM. Previous approaches for system de-
sign that rely on an exhaustive grid search of the high-level parameters
are therefore unfeasible because of the thousands of evaluations required.
In order to limit the number of system evaluations and converge as ef-
ficiently as possible towards the optimal design point, a numerical opti-
mization tool is used. This section briefly summarizes the main features
of the selected algorithm, and details the implementation of the system
optimization process in connection with the system evaluation model.

Algorithm selection and description
The algorithm must solve the problem described in Equation 4.1, using
the system macromodel to evaluate the objective and constraints functions,
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i.e., f (x) and g(x) . This problem is characterized by a single, non-linear,
and continuous objective function with inequality constraints. The deriva-
tive of the function is not directly available, but it can be estimated nu-
merically using finite differences. There are many optimization algorithms
available, each featuring different characteristics with regards to the type
of problems they solve, the optimality of the solutions, the assumptions
made on the problem, or the convergence speed. The two main classes
of algorithms are the local algorithms that use or approximate function
derivatives to find the best search direction, and global algorithms that
rely on heuristics to explore the design space [150]. Global optimization
algorithms, most of which consist in evolutionary algorithms, are very ver-
satile as they usually make few assumptions on the problems and can also
fit many different use cases such as multi-objective optimization or noisy
objective functions. However, as most of them are population-based, they
often require many evaluations to converge towards the optimum. On the
other hand, local algorithms usually require access to the function gradient
or its estimate, and they are more sensitive to noise and local optima. When
they can be applied, they however often provide guarantees regarding the
optimality and convergence speed, which is useful when the evaluations
are computationally expensive, as in this problem [150, 151].

Gradient-based solutions generally work by following successive de-
scent directions for the objective function starting from an initial estimate,
until a local minimum is reached. In unconstrained optimization problems,
a necessary condition at a local optimum of a function is that the gradient
of this objective function is equal to zero. In the case of problems with in-
equality constraints, this condition may not be met when the optimum lies
on the boundary of the feasible region, i.e., the region where the constraints
are respected gi(x) ≥ 0. The necessary conditions for a local optimum x∗,
known as the Karush-Kuhn-Tucker (KKT) conditions, therefore become

∇f (x∗) +
M

∑
i=1

λi∇gi(x∗) = 0 and λigi(x∗) = 0, ∀i, (4.6)

where λi are the Lagrange multipliers (λi ≥ 0) [151]. When one or sev-
eral inequality constraints are active, i.e., gi(x∗) = 0, these KKT conditions
allow the gradient of the objective to be non-zero and parallel to a linear
combination of the active constraints gradients. In order to solve the con-
strained optimization problem and find the x∗ solution of Eq. 4.6, an equiv-
alent problem consists in finding a saddle point of the Lagrangian function
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L(x, λ) = f (x)− λTg(x) . (4.7)

While the Lagrangian provides a convenient approach for handling in-
equality constraints, finding the saddle point remains a challenging task
in the case of nonlinear functions f (x) and gi(x) [150].

Among local gradient-based methods, the most popular class of algo-
rithms for constrained optimization problems is the sequential quadratic
programming (SQP) algorithm [63]. As most gradient-based methods, SQP
works by iteratively converging towards the minimum by choosing succes-
sive step directions sk and sizes αk:

xk+1 = xk + αksk (4.8)

SQP uses the Lagrangian approach (Eq. 4.7) to manage inequality con-
straints. To deal with nonlinearity issues, a quasi-Newton optimization
approach is used, meaning that it considers at each step a local quadratic
approximation of the Lagrangian function in order to find the optimal step
direction sk. It can be shown that finding the step direction that minimizes
this approximation is equivalent to solving the following quadratic prob-
lem with linear constraints [63]

min
sk

1
2

sT
k Bksk +∇f (xk)

T sk,

subject to ∇g(xk)
Tsk + g(xk) ≥ 0,

(4.9)

where Bk approximates the Hessian matrix of the Lagrangian

Bk ≈ ∇L2
xx(xk, λk) . (4.10)

The optimization subproblem of Eq. 4.9 is a standard form of quadratic
programming problem, which benefits from many resolution algorithms.
One such implementation of the SQP optimization algorithm, called se-
quential least squares programming (SLSQP), is available in the Python
SciPy libraries [152]. This implementation solves the quadratic program-
ming problem with a linear least squares subproblem [63]. Contrary to
the Newton method, quasi-Newton methods do not explicitly calculate
the Hessian of the function ∇L2

xx(xk, λk) which is computationally expen-
sive, but rather estimate it iteratively with a matrix Bk. In SLSQP, this es-
timation is performed by Powell’s update for constrained optimization of
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the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [63]. When xk is
close to the optimum, the quadratic problem of Eq. 4.9 provides the op-
timal direction with step size αk = 1. Far from the optimum, step sizes
improving global convergence can be found by solving a line search mini-
mization problem with a penalty function for the constraints:

min
αk

f (xk + αksk) + ρ
M

∑
i=1

max
(
0, gi(xk + αksk)

)
, (4.11)

with ρ the penalty parameter.

Optimization framework implementation
The optimization framework is implemented in Python using the SLSQP
algorithm from SciPy [152] as shown in Fig. 4.4. Wrapper functions are
used to interface the Python macromodel described in Section 4.3.1 and
compute the functions f (x) (Eq. 4.3) and gi(x) (Eq. 4.5). When the opti-
mization algorithm calls the objective or constraint function for a given
set of parameters, the macromodel evaluates the power and performance
metrics. Previous results from the macromodel are saved to avoid multiple
runs for the same parameter sets and ensure the coherence between power
and constraint evaluations.

In order to have consistent scales for all free parameters, the design pa-
rameters are normalized between xL

i = 0 and xU
i = 1. The normaliza-

tion is performed such that the lower bound xL
i generally corresponds to

the low-performance low-power limit and the higher bound xU
i to high-

performance high-power. The respective bounds used for each parameter
are summarized in Table 4.1.

When no gradient function is provided, the SLSQP implementation uses
by default a two-point finite difference approximation, which requires one
additional call per parameter to the function wrappers and is time-con-
suming. In particular, the training of the SVM is a major contributor to the
simulation time (57%). However, when modifying the parameters that im-
pact the training features by only a small amount as in the finite difference
estimation, the changes to the SVM model are not significant. This obser-
vation is leveraged to reduce gradient estimation time by skipping model
training and keeping the model from the central point. These multiple
training phases are however still required for the parameters that directly
impact the SVM model, such as the number of features or the SVM pruning
parameter.
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Fig. 4.4 System optimization framework. The SciPy SLSQP algorithm
implementation uses wrapper functions for the objective and constraint
functions, and their custom gradient estimation computed with finite dif-
ferences. The power and performance simulation is performed using the
parametrized system macromodel. Training flags are added to the custom
finite difference gradient estimation to skip unnecessary training.

Table 4.1 Optimization parameter ranges. After normalization, the
lower xL

i and higher bounds xU
i respectively correspond to the low-

performance low-power and the higher bound to high-performance high-
power limits.

Parameter xL
i = 0 xU

i = 1

IA input-referred noise* [µV RMS] 0.6 30
ADC quantization resolution [bits] 7 14
ADC sampling frequency [Hz] 10 200
Number of features [-] 1 10
SVM pruning threshold [-] 3 -1.5

* Normalized using a logarithmic scale

4.4 Results

The proposed methodology for the minimization of the system power con-
sumption was applied to the arrhythmia classification system. This section
first describes the simulation results obtained with the system power and
performance macromodel. The proposed implementation is characterized
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with regards to the simulated trade-off results, simulation time and sensi-
tivity to implementation choices. Secondly, the results obtained with the
optimization algorithm are detailed with a focus on the convergence ac-
curacy and speed. The application specifications such as target inference
performance or input signal amplitude are also modified to evaluate the
changes in the returned optima. Finally, the power reduction obtained in
the arrhythmia classification use case is discussed.

4.4.1 Power and performance simulation

Exhaustive grid simulation of the parameter space is unfeasible due to the
simulation time of the macromodel. Instead, the impact of each param-
eter on the performance and power of the system can be evaluated sep-
arately by sweeping each of them individually from a reference point, as
shown in Fig. 4.5. As expected, the power decreases when each parameter
goes closer to zero. Simultaneously, the inference performance degrades,
as shown with the increasing error rates. For the SVM pruning parameter,
the performance also degrades at values close to one, due to overfitting
when the number of support vectors increases too much. The noise on
the power and error curves is mainly due to the random noise added in
the AFE and the sensitivity of the SVM training to small variations in the
training set.

A macromodel of the system that allows to simulate the combined ef-
fects of several parameters is specifically useful if those parameters have
interdependent effects on the objective or constraint functions. Indeed, in-
versely, the problem could be easily decomposed in several one-dimen-
sional subproblems, in which each parameter could be evaluated and op-
timized independently. In the arrhythmia classification system, regarding
the objective function, each block contributes independently to the total
power consumption and a global model provides limited additional in-
sights. The accuracy constraints however consist in more complex rela-
tionships between parameters, which strongly benefit from such model for
their evaluation. Fig. 4.6 provides an example of how the boundary of the
feasible space is curved when considering AFE parameters, thus showing
that the global optimum may be different from the independent univariate
optima.

The use of macromodels primarily allows to accelerate the evaluation of
the system performance compared to flat simulation which becomes unfea-
sible for larger systems. Yet, the execution time of the model is constrained
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Fig. 4.6 Feasible space with AFE parameter sweep. Green and red
points represent the AFE parameter sets that meet or violate the con-
straints, respectively. Other parameters are set to their reference value.
The curved boundary of the feasible space shows that the constraints do
not apply independently to the different parameters.

by the precision of the signal quality simulation and the large amount of
data required to evaluate machine-learning performance. The macromodel
simulation time for the whole MIT-BIH arrhythmia database (42 records of
30 minutes) is shown in Fig. 4.7(a), with the respective shares of AFE and
DBE models, and SVM training.

Due to the explicit simulation of noise in the model, the simulated ac-
curacy performance is not completely deterministic. The sources of un-
certainty in the model are the additive random noise in the AFE for the
IA intrinsic noise and the ADC BBCO jitter, as well as the SVM training
which is sensitive to small differences in the training data. At each call of
the macromodel, a different realization of the noise and therefore a differ-
ent estimated performance is obtained, as illustrated in Fig. 4.8 when the
evaluation of a reference point is repeated multiple times. This simulation
noise amounts to a standard deviation of 0.3% for the power consumption
and 2 to 7% for the error rate.
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Fig. 4.7 System simulation (a) and optimization (b) time. The system
evaluation is repeated for different parameter sets during optimization to
obtain the function values and gradients. Avoiding unnecessary training
during gradient evaluation reduces the total optimization time. SLSQP
algorithm computation time during optimization is negligible. The execu-
tion time is measured on a single 2-GHz Intel Xeon E5-2620 CPU.
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Fig. 4.8 System performance evaluation noise. The performance macro-
model was run 50 times at the reference point. Each point represents a
single evaluation, for one of the accuracy metrics.

4.4.2 System power optimization

The optimization algorithm described in the previous section was executed
to find the optimum for the power-accuracy trade-off of the system using
the macromodel. A single run requires on average 25 function and 10 gra-
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dient estimations, and takes 6.7 hours to complete, as shown in Fig. 4.7(b).
The optimization was run 55 times to check the robustness of the results.
Among those runs, 26 failed, which is either due to the number of SLSQP
iterations which reached the maximum value of 15 (15%), or a false lo-
cal minimum far away from the true optimum (27%). Figure 4.9 shows
the distribution of the design parameters, objective and constraints for the
29 successful runs. These results show that despite some variability in
the optimum parameters, these runs converged close to a median value
of 3.3 µW, with the error rate constraints met in most cases. Three runs
showed a slight violation of the constraints (< 11%) due to the algorithm
tolerance. The distribution of the parameters shows that their character-
istics in the system model influences how they can be optimized by the
algorithm. In the case of the AFE parameters (IA noise and ADC resolu-
tion), most points gather around the median values, respectively 0.55 (i.e.,
5.2 µV RMS of noise) and 0.34 (i.e., 9.4 bits of resolution). This can be in-
terpreted in the model (Fig. 4.5) by the higher sensitivity of the objective
function, measured by their higher partial derivatives. Regarding the con-
straints, the simulation noise is lower compared to the function derivative.
On the opposite, the SVM pruning parameter is distributed between the
values of 0.2 and 0.7 (SVM pruning parameter ranging from -0.15 to 2.1).
In the model, the partial derivative is much lower close to the optimum
parameters as the number of support vectors evolves very slowly below a
value of 0.6. The noise on the constraint function is relatively larger com-
pared to the function which is almost flat in this range. Finally, the noise
and rapid degradation of the constraints for the sampling frequency and
number of features forces them to stay close to their starting value of 1.

The different evolutions of the design parameters during the optimiza-
tion is also reflected in their respective share of the power breakdown in
Fig. 4.10. The AFE parameters start from a high power consumption due to
the initial high signal quality, and are degraded by the optimization algo-
rithm. The power consumption of the DBE only evolves very slightly from
its starting value. At the end, the power consumption of the AFE and DBE
is well balanced. The actual savings for the total power, here divided by a
factor ×6, are very dependent on the choice of the starting point and the
target conditions of the system, which define the optimal design. A start-
ing point with high performance is chosen to ensure feasibility of the con-
straints at the start of the optimization. As this starting point corresponds
to a highly pessimistic power consumption, these power savings are likely
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Fig. 4.10 Power optimization of respective blocks. The power distri-
bution is shown before and after optimization. A slightly degraded point
is added for a reasonable estimation of the power savings expected in a
practical application.

overestimated compared to a practical application of the optimization. An-
other comparison is therefore provided with a point which has a slightly
degraded power consumption, and a higher performance level (IA IRN
×2, ADC resolution +1 bit and SVM pruning parameter +0.5).

In order to visually verify the optimality of the convergence, the parame-
ters are swept independently around the final point in Fig. 4.11. The results
show that for all parameters, the final point is close to the crossing point
of the accuracy constraints, especially for the FNR of the S and V classes.
While power consumption could still decrease aside those constraints, the
optimization is therefore stopped by the active constraints. The noise on
the functions evaluations close to the boundary explains the variability of
the final points across multiple runs.

To show how the optimization algorithm reacts to changes in the oper-
ating conditions of the system, which impact the accuracy constraints, the
amplitude of the input signal is modified before executing the algorithm.
The optimization results displayed in Fig. 4.12 show that the optimization
adapts by improving the AFE performance accordingly when the ampli-
tude drops. In the DBE, no significant difference between runs can be ob-
served.
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Fig. 4.12 Optimization results with signal amplitude sweep. Several
gains are applied directly to the database signals and the optimization al-
gorithm is executed. The markers show the mean of the parameters (a)
and objective (b) across successful optimization runs. The error bars indi-
cate the standard deviation.

In Section 4.2.1, the allowable error rate degradation α used to set the
performance constraint threshold is set to 50%. The impact of this param-
eter on the convergence result depends on the gradient of the constraint
functions close to the optimum. As observed in Fig. 4.5, the error rate in-
creases rapidly close to the optimum, which means that the performance
threshold has a limited impact. By changing the value of α from 50 to
100%, the achieved power is reduced by less than 0.1 µW. However, an ex-
cessively low value of α, e.g., below 25%, pushes the threshold limit too
close to the simulation noise level and induces false local optima.
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4.5 Discussion

While the results presented in the previous section show that the proposed
methodology allows to find the global system optimal design, there are
two main technical limitations encountered with this approach. The first
challenge is the time taken for the optimization. As shown in Section 4.4.1,
the evaluation of the objective and constraint functions are on average 7.8
minutes long. The numerical optimization requires on average 25 evalua-
tions for the objective and constraints, and 10 for their gradient. While this
number of evaluations remains relatively low compared to other optimiza-
tion algorithms, a single run takes around 6.7 hours with the optimized
gradient estimation.

The second challenge is the noise of the evaluation that limits the accu-
racy of the optimization result. The SLSQP requires the gradients of the
objective and constraints in order to find the best search direction. As the
gradient information is not directly available, it is estimated using finite
differences. However, the noise of the function evaluations degrades the
precision of this estimation. To avoid this issue, the size of the finite dif-
ference step can be increased to reduce the impact of the noise, at the cost
of a lower resolution in the parameter space. Despite this, as the noise is
explicitly present in the model, some local optima may appear and gen-
erate false positives in the convergence criteria. Reducing the tolerance of
the stopping criterion or averaging the evaluation results on multiple runs
may reduce these issues, but will increase the execution time. To ensure
the validity of the result and avoid the need for multiple runs of the opti-
mization process, averaging of the objective and constraint function values
and gradients at the final point could be performed to check whether con-
straints are met and optimality is achieved.

The proposed methodology was applied in this chapter on the arrhyth-
mia classification system, based on the implementation in Chapter 2. The
optimization was performed by choosing only five free design parameters.
While these parameters were chosen to maximize the tunability of the sys-
tem power and performance trade-offs, there are many other parameters
that come into the design of a complex sensor system. This limited num-
ber of free parameters narrows the range of possible optimization of the
system. For instance, firstly, the minimum power consumption that can
be reached by tuning these parameters is limited by the fixed power con-
sumption sources, such as the AFE minimum current, the rest of the DBE
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software, or other hardware blocks such as the CPMU. In the proposed
model, the minimum power consumption that can be reached is 1.37 µW.
Secondly, the fixed value of discarded design parameters may influence the
optimal design point for the chosen free parameters. For example, the type
of features that are chosen in the baseline design influences the number of
features and support vectors. Additional design parameters can be added
in the proposed methodology, but they require the implementation of their
parametrization in the macromodel and possibly longer convergence time
for the optimization algorithm.

The benefits brought by the proposed optimization methodology de-
pends on the use case to which it is applied. As shown in the previous
section, the power reduction obtained by the optimization is linked to the
distance between the starting and final design points. If the starting point
is already well optimized, the possible improvements are limited. Like-
wise, the final power consumption that can be obtained depends on the
constraints and stimuli that are applied to the system. Finally, the impact
of the free parameters on the objective and constraint functions also limit
the optimization potential. In terms of partial derivatives, a good optimiza-
tion parameter has a high derivative for the objective function in order to
reduce it, but low derivatives for the constraints so that it is not limited
too early. The largest power gains are therefore obtained when the start-
ing design is under-optimized and there is still margin for optimizing the
power consumption, and the free parameters have a large impact on the
power consumption. Unfortunately, these characteristics can often only
be assessed a posteriori. In the case of a starting point whose power con-
sumption is already close to the optimum, the methodology could be used
instead to optimize the accuracy of the system, with similar limitations. In
the proposed system, the accuracy is limited by the intrinsic separability
of the classes in the datasets, as observed in the state of the art for inter-
patient arrhythmia classification.

The methodology presented in this PhD suffers from a few limitations.
First, it is only applicable when there are two levels in the hierarchy. As the
optimization method works by combining the trade-offs of lower-level cir-
cuits with the performance specifications of the level above, it cannot be ap-
plied across more hierarchy levels. If more levels are present in the design,
additional steps are required so that the methodology can still be applied.
For example, the performance trade-offs could be propagated from lower
to higher levels of the hierarchy, for example using the MUBU approach.
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Alternatively, the translation of top-level specifications can be used to in-
fer requirements for the blocks, such as in the normal top-down approach,
and thus apply the numerical optimization at a lower level. Despite this
limitation, low-power sensor devices rarely contain many levels of hierar-
chy, and the presented architecture with a small AFE and machine-learning
processing is a representative signal data path in such devices.

A second limitation is the lack of explicit considerations for reliability of
the performance. Electronic devices can fail for many reasons such as man-
ufacturing variability, operating conditions such as temperature or supply
voltage drops, intrinsic noise, which all reduce the yield if the margins
are not large enough. Circuit design therefore often takes those additional
constraints into account by simulating several process, voltage and tem-
perature corners, or by running Monte-Carlo simulations. To include these
issues in the proposed methodology, the sensitivity of the Pareto-front to
variability could be taken into account using dedicated methods [148].
Those robustness-aware methods however often increase the simulation
time.

Finally, the SLSQP optimization method that has been chosen is only
suitable for continuous parameters. In the target use case, the number
of features however only takes discrete values. This limitation has been
avoided by considering discrete parameters as continuous ones in the op-
timizer. While non-integers values are allowed from the optimizer per-
spective, they are rounded for the evaluation in the model. Additionally,
the gradient finite difference estimation needs to be performed with differ-
ences corresponding to at least one discrete step. This alternative however
only works when the number of steps for the discrete parameters is high
enough and the discrete values are ordered, so that it can be approximated
as continuous. In the case of unordered categorical parameters, which can
occur for example when choosing between different circuit topologies, the
optimization methodology can be applied to each individually and used
to compare the optimal results.

4.6 Conclusion

In this chapter, a new optimization methodology for system design was
proposed. It relies on a three-step approach: power and performance trade-
off modeling at the block level, implementation of a cross-domain system-
level performance evaluation framework, and numerical optimization of
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Table 4.2 Power reduction with circuit and system design. The system
optimized in this chapter is compared to the wireless transfer of the raw
ECG signal, as discussed in Chapter 1, and the baseline design of Chap-
ter 2.

Transmission
of raw signal

Local data
processing

System
optimization

Reference Chap. 1 Chap. 2 Chap. 4

Technology 28nm 28nm 28nm
FD-SOI FD-SOI FD-SOI

System optimization 7 7 3

Embedded DBE 7 3 3

TX data rate 3 kbps < 4 bps < 4 bps

Power b

AFE 2.1 µW 2.1 µW 1.5 µW
DBE - 2.1 µW 1.8 µW
TX a 12 µW 16 nW 16 nW
Total 14.1 µW 4.2 µW 3.3 µW

Silicon area
AFE 0.02 mm2 0.02 mm2 0.02 mm2

DBE - 0.39 mm2 0.39 mm2

TX a 0.61 mm2 0.61 mm2 0.61 mm2

Total 0.63 mm2 1.02 mm2 1.02 mm2

a Assuming a Bluetooth Low-Energy TX front-end with 4 nJ/bit and 0.61 mm2,
similar to [15] in 22-nm CMOS.
b Sleep power and DC/DC conversion losses not considered.

the total power consumption. Compared to usual methodologies, it im-
proves the optimality of the final system design, while limiting the simula-
tion overhead of exploring the system parameter space which can become
large for complex SoCs. Additionally, this methodology is also suitable
for cross-domain optimization by combining in a single framework analog
and digital circuits.

As a first step in the study of this proposed methodology, it has been
applied to the arrhythmia classification use case presented in the previ-
ous chapters. In this context, the optimization results demonstrate an im-
provement up to a factor ×6 compared to non-optimized designs. This
gain however strongly depends on multiple factors such as the baseline
design as well as the numerous degrees of freedom for the optimization.
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Applied to the proposed optimization task, a more reasonable comparison
point shows a 19% improvement for the optimized design. It is important
to note that the ECG arrhythmia classification system had already been
well optimized at the circuit level in Chapter 2, which therefore leaves less
room for optimization at the system level. The results following circuit-
and system-level design and optimization are shown in Table 4.2.

While this approach provides a solution to find the optimum system
design, it requires significant work for the implementation of the block-
level and system-level models. However, once the models of basic blocks
have been generated, the methodology can be transferred to alternative use
cases with a reduced implementation time. As a future step, the findings
obtained on this first use case should therefore be extended to other sys-
tems with different specifications and balance between analog and digital
domains. Many types of sensor systems could benefit from the presented
approach, either for biomedical monitoring, or in other environmental or
industrial contexts. In addition, the methodology could also be used to
evaluate design choices for the system, for instance to compare the SVM
classifier with different types of machine-learning algorithms such as neu-
ral networks or random forests. This allows a fair comparison for each
algorithm, in terms of both their power consumption, classification accu-
racy, and robustness to degraded signal quality. Other future goals would
be to mitigate the current technical limitations of simulation time and eval-
uation noise.

122 |



5
Environmental sustainability

of mHealth

5.1 Mobile health

As described in Chapter 1, eHealth is an emerging technological ecosystem
which aims at improving the quality and efficiency of healthcare thanks
to information and communication technologies (ICT) [153]. In the same
way that ICT has deeply impacted many other sectors (e.g., work, retail,
communication), eHealth may represent a significant shift in paradigm for
the healthcare sector in the near future [154].

eHealth includes a wide array of technological solutions as shown in
Fig. 5.1. Within its subcategories, we focus on mobile health (mHealth),
which refers to the “medical and public health practice supported by mo-
bile devices" [2], sometimes overlapping with telemedicine. mHealth de-
vices mainly include software health applications for smartphones or other
portable devices, and custom hardware wearable devices that are used
to monitor biophysical or biochemical parameters. Examples of mHealth
technologies include smartphone apps for sleep or stress reporting, mobile
telemedicine and health prevention services, fitness trackers or devices for
remote monitoring of blood sugar levels, cardiac disorders or neurological
conditions. The wearable devices presented in Chapter 1, and the use case
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Fig. 5.1 eHealth technological ecosystem and subcategories. eHealth
stands at the intersection of ICT and healthcare and may be subdivided in
more specific concepts. Examples of technological applications appear in
italic. This chapter focuses on the category of mobile health technologies.

of the cardiac arrhythmia classification system designed in Chapter 2, are
examples of mHealth technologies. While this chapter focuses on mHealth
and wearable devices, some of the discussions also include eHealth as
they share many characteristics and impacts on the healthcare system. The
classification illustrated in Fig. 5.1 also corresponds to an increasing level
of pervasiveness of ICT devices, both temporally and spatially. Indeed,
while some eHealth examples such as clinical decision support software
or health digital databases remain constrained to the hospital computer
infrastructure, mHealth and telemedicine rely on electronic devices being
distributed in many households and sometimes used continuously. It is
this property of ubiquity of mobile devices and remote communication
that enables a significant shift in the healthcare paradigm [154]. Indeed,
over the last decades, healthcare has been focused on curing diseases when
they appeared, mainly thanks to doctors knowledge in an infrastructure
centered around the hospital. As it is now possible to interact with the
patient and collect data outside the usual medical settings, new possibil-
ities are open for preventing diseases before their manifestation, relying
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on data to provide new insights on medical disorders, in an infrastructure
that is more widely distributed [155]. However, this ubiquity also intro-
duces new challenges due to its vast deployment and its consequences on
the healthcare system.

mHealth is expected to play different roles in healthcare management:
(1) prevention, by promoting healthy lifestyles; (2) monitoring, by enabling
early screening and frequent health assessment; (3) treatment, with a per-
sonalized and more effective care; and (4) support, by ensuring proper
information and communication for the patient and caregiver [156]. Un-
til now, mHealth and eHealth have been mostly considered as a solution
to compensate for the limitations of the healthcare sector. For example,
they have been presented as an answer to issues such as the lack of ac-
cess to health services in low-income countries [2, 157, 158], the shrinking
workforce in the health sector [159], the ageing population in the Western
countries [160], or the increasing weight of chronic diseases [161]. They
are also expected to improve cost efficiency in healthcare and clinical effi-
cacy, though this is still under debate [162, 163]. More generally, mHealth
is often considered as a tool for carving the path towards a more sustain-
able healthcare system. Sustainability is usually divided in three intercon-
nected pillars which are environmental, social and economic sustainabil-
ity, each featuring multiple dimensions [164]. The economic pillar looks at
the creation of economic value, financial viability, proper governance, risk
management and prosperity. The social pillar includes the promotion of
equity, the respect of human rights, or the enhancement of the well-being
of stakeholders. The environmental sustainability is evaluated with regard
to several aspects, e.g., the emission of greenhouse gases (GHG) and cli-
mate change, the protection of biodiversity and ecosystems, the genera-
tion of waste or the depletion of natural resources. Despite the growing
body of research on the question, it is still unclear whether mHealth actu-
ally enhances these different dimensions of sustainability for the healthcare
sector [JP3].

This chapter focuses on the environmental aspects of sustainability and
on how mHealth technologies can contribute to reducing the ecological im-
pacts of the healthcare sector. In general, a technology has direct effects on
the environment which are due to its life cycle impacts, that is, for its pro-
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duction, during its use phase or at its end of life. It can also induce indirect
effects, i.e., increase or decrease the impacts of other goods or services due
to a modification of behaviors, organizations or processes. With eHealth
and mHealth, the switch from physical to ICT-supported services has sig-
nificant implications for the environment, both direct and indirect. For
instance, while often referred to as virtualization, this change of medium
is actually supported by a large distributed infrastructure. This is particu-
larly true for mHealth which relies on the massive deployment of portable
and wearable devices, as well as the underlying Internet network and dat-
acenters, which all have direct environmental impacts. Through the digi-
talization process, eHealth and mHealth also have indirect impacts, such
as the reduction of travel thanks to telemedicine or the reduction of the
paper consumption with electronic records. Overall, these considerations
have been mostly optimistic, under the commonly shared assumption that
digital solutions provide opportunities to reduce the environmental im-
pacts [54, 57]. However, the evidence on the actual impacts of these tech-
nologies remains limited and the balance between positive and negative
impacts is still hard to evaluate [165].

By extending the work presented in [JP3] on the ICT aspects and the en-
vironmental sustainability, this chapter aims at reviewing and comment-
ing on the current state of environmental considerations around mHealth
solutions in the scientific literature. This review shows that several criti-
cal characteristics of mHealth technologies are poorly taken into account,
especially regarding their indirect impacts. The LES model proposed by
Hilty and Aebischer [51] is therefore used as a framework to address these
limitations and discuss the larger systemic impacts of mHealth technolo-
gies. This chapter is organized as follows. First, in Section 5.2, a systematic
literature review evaluates which aspects of the environmental sustainabil-
ity of mHealth and medical devices have been the most explored by the sci-
entific community. Section 5.3 discusses the shortcomings of these studies
with a focus on the specificities of mHealth technologies compared to tradi-
tional medical devices. In particular, the lack of an approach that takes into
account their systemic impacts is highlighted. Finally, Section 5.4 leverages
the LES framework originating from the field of ICT to highlight and sort
the potential systemic impacts which are currently under-evaluated in the
literature. Examples of presumptive effects of mHealth drawn from the
literature are used to illustrate the proposed framework.
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5.2 Literature review

In this section, we highlight how environmental impacts have been con-
sidered for mHealth technologies in the scientific literature. Evaluating the
environmental sustainability of mHealth technologies is a challenging task
that involves direct and indirect levels of impacts, different scopes (compo-
nents, devices and systems) and many indicators of environmental harm.
The analysis of the selected articles aims at understanding from which per-
spectives sustainability has been looked at and what aspects have been
most studied.

5.2.1 Methodology

In order to provide a detailed account on how environmental sustainability
is considered in the scientific literature, we conducted a systematic litera-
ture review. The PRISMA methodology [166] was used to sort and report
the results, as detailed in Section 5.2.2. The selection of relevant abstracts
and articles was performed by the author. Three databases were searched
to extract relevant studies: Scopus (multidisciplinary), PubMed (biomed-
ical and life sciences) and IEEE Xplore (engineering and technology). The
searched phrase was built as a combination of a keyword linked to mobile
health and another linked to environmental sustainability:

(<mHealth #1> OR <mHealth #2> OR ... ) AND (<Environment #1> OR ... ) (5.1)

Due to the limited number of papers focusing specifically on mHealth, the
search was expanded to the related fields of medical devices and telemedi-
cine. The complete list of keywords used is as follows:

• Mobile health

– eHealth
– mHealth / m-health / mobile health
– wearable device / wearable electronics / wearables
– medical device
– telemedicine / telehealth

• Environmental sustainability

– environmental sustainability
– environmental impact / ecological impact
– ecological footprint
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– life-cycle analysis / life-cycle assessment / LCA
– eco design / ecodesign
– carbon footprint / GHG / greenhouse gas
– climate change

Section 5.2.3 provides an overall description of the articles selected in
this review. Given the wide variety of topics covered in the articles, their
presentation is structured in several clusters, which were defined in a bot-
tom-up fashion based on the similarity of the presented topics and research
approaches. The description of the articles focuses on how environmental
sustainability is considered in the articles and which research approach is
used to address it. The exhaustive list of the selected papers and associated
topic clusters are listed in Appendix A.

A content analysis was then performed in Section 5.2.4 to assess quan-
titatively which themes are the most present in the articles. This analysis
consisted in counting how many articles mentioned given themes. The tar-
geted topics for this analysis are the scope of the environmental study, the
level of impacts considered and the environmental indicators. The scope
indicates which parts of the healthcare system is evaluated, i.e., either the
medical device, its internal components or the broader system. The level
of impacts relates to the direct life cycle impacts or indirect induced effects
of the technology. The environmental indicators list the types of impacts
which are considered, e.g., carbon footprint, ecosystem pollution, or re-
source depletion. The papers included in the analysis were each reviewed
individually and linked to the themes that they mention. To avoid any sub-
jective appreciation when assessing the significance of a theme mention, all
theme references are counted as a single hit per article, regardless of their
importance in the text.

5.2.2 Search results

The database search resulted in a total of 537 unique articles. The titles and
abstracts were screened to exclude those that do not fit the research ques-
tion. More specifically, the articles whose scope do not include healthcare
systems, medical or ICT devices, or environmental sustainability were re-
jected. After retrieval of the full texts, a second assessment for relevance
was made based on the same criteria, which returned 59 results. In addi-
tion, 4 documents from the grey literature that were not in the searched
databases were added: the NHS zero-carbon strategy [167], the Plan de
transformation de l’économie française report from the Shift Project [165], a
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Fig. 5.2 Identification of relevant studies with the PRISMA method-
ology [166]. The articles identified in the database search were iteratively
sorted according to the exclusion criteria to provide the final list of stud-
ies for the following analyses (cfr. Appendix A). The number of papers
excluded and related criteria are specified in the chart.

Master thesis on wearable cardiac monitoring devices [28] and a publica-
tion from the H2020 UBORA project [168]. A total of 63 studies are there-
fore included in the following analyses, as reported in Fig. 5.2.

5.2.3 Structured presentation of the selected articles

In this section, the main ideas presented in the selected articles are de-
scribed. Given the large variety of subjects and research domains present in
the list of articles, this description focuses on discussing how environmen-
tal impacts are considered and from which perspective they are being ad-
dressed. The articles are structured in different clusters which correspond
to the main topics and research approaches, that were built in a bottom-
up fashion during the review of the articles. The number of clusters and
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their boundaries were decided arbitrarily to balance the level of details
and the ease of understanding. The main clusters are the environmental
assessment of medical devices, the design of new components for wear-
able devices, the reduction of travel-related emissions with telemedicine,
methodologies for environmentally-conscious design, sustainable business
models, top-down healthcare system assessment and environmental con-
siderations of stakeholders. When necessary, subcategories in the clusters
are also presented to highlight specific differences. The exhaustive list of
articles and their classification of articles in the different clusters can be
found in Table A.1 in Appendix A.

Medical device assessment
The most represented topic in the selected articles (n=18, 29%) is the assess-
ment of impacts of medical devices. Those articles generally aim at under-
standing the absolute or relative impacts of medical devices. The precision
of the assessment ranges from a general analysis of the environmental im-
pacts and the associated design challenges [169], to a more specific and
quantitative impact evaluation for a given device [170, 171]. The reference
method for the quantification of environmental impacts of a device is the
life-cycle assessment (LCA), defined in the ISO14044 standard [172], which
relies on a precise material inventory and information from databases to
evaluate several impact categories (e.g., global warming, ozone depletion,
ecotoxicity, human toxicity). This analysis is however tedious to apply and
suffers from a lack of data on environmental impacts and significant vari-
ability in the results. It is therefore still rarely applied and only a handful
of examples exist in the literature. The types of devices assessed in those
studies vary largely, but focus mainly on devices used in the hospitals,
such as dialysis equipment [173] or catheters [171]. A more general review
of LCA and eco-design studies for medical devices is provided by Sousa
et al. [174]. They conclude that despite the growing importance of sustain-
ability in the medical device industry, the number of studies is still quite
limited.

Within the assessment of medical devices, some categories are more rep-
resented. For instance, single-use devices, or their reusable alternative,
have received more attention. Some examples include laryngoscopes [169,
175, 176], dialyzer cartridges [177], dental burs [170], biopolymer-based
devices [178], catheters [179], or other surgery equipment [180]. The in-
terest for reusable alternatives can be explained by the large quantities of
medical waste generated annually by the medical sector and the associated
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concerns with its sustainability.

Wearable devices for mobile health are however assessed in only 6 of
the selected studies. This number is quite low given that mHealth is the
focus of this study. The subjects of these studies include a wearable com-
puter [181], a cardiac monitoring device [28], a smartwatch [59], and e-
textiles [60, 182, 183]. Three of these studies include precise evaluation of
the direct impacts with LCA: Ma et al. [59] on a smartwatch, Kokare [28]
on rigid and flexible cardiac monitoring devices, and van der Velden et
al. [183] on a garment with embedded electronics. Lankey et al. [181] pro-
pose qualitative guidelines and a list of criteria for the design of a wearable
computer, i.e., equivalent to a personal digital assistant. Gurova et al. [60]
discuss the general impacts of e-textiles by merging insights from the fash-
ion and ICT industries. Finally, Köhler et al. [182] focus on the issues that
arise with the end of life and disposal of e-textiles, due to the combination
of electronic and textile waste streams.

Component design
Among selected articles, another significant group focused on designing
subparts of the device (n=16, 25%), e.g., power supply, flexible substrate
or electronic components, with the goal of improving their sustainability
thanks to new materials or designs. Even though they are presented in the
articles as components of wearable devices, they can also belong to other
types of electronic devices.

In the selected studies, 6 aim at providing a sustainable source of en-
ergy thanks to the use of energy harvesting. In the case of wearable de-
vices, several sources of energy are available for supplying the device, if a
suitable conversion circuit is present. In most studies, energy is harvested
from the human body, either in the form of mechanical energy from mo-
tion [184, 185, 186] or chemical energy from fluids [187, 188]. In the work
of Mukherjee and Dahiya [189], the energy is harvested from the ambient
light using photovoltaic cells. In most cases, the amount of energy that can
be harvested often remains limited and requires strong reduction in the
device power consumption.

Other studies have proposed new materials or fabrication techniques for
the design of the components, usually to reduce the end-of-life impacts, or
to enable sustainable sourcing and avoid resource depletion. Some of these
solutions rely on bio-inspired materials such as silk for piezoelectric sen-
sors or actuators [190, 191], protein-nanowire humidity sensors [192], flex-
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ible substrates made of biopolymers [193], or DNA-based memories [194].
Other synthetic materials have been studied for their biodegradability [195,
196], Earth abundance [197], or flexibility [196, 198]. Finally, Rahman et
al. [199] evaluated additive manufacturing to design touch sensors in or-
der to reduce waste in production.

Travel reduction with telemedicine

As mentioned in the methodology in Section 5.2.1, the search includes ar-
ticles on telemedicine, whose applications are often related to mHealth.
Due to the exclusion criteria, only those that discussed the equipment used
were selected, which resulted in a list of 10 articles (n=10, 16%). Within
those articles, the modalities for remote consultation varied: videoconfer-
encing [200, 201, 202, 203], telephone [204], or either of them [58, 205, 206,
207, 208]. From an environmental perspective, the focus of all these papers
stands on the indirect reduction of the carbon footprint thanks to the reduc-
tion of travel. Regardless of the modalities used, all papers concluded that
the savings from travel reduction largely exceeded the direct impacts of
the infrastructure. The amplitude of the savings depends however signifi-
cantly on several factors such as the type of consultations (general or spe-
cialized medicine), the country, the settings (urban or rural), or the modes
of transportation.

Environmentally-conscious design methodologies

In-depth environmental assessment is time-consuming and data-intensive.
It is thus impractical to iteratively perform such evaluation during the de-
sign of a medical device. To bypass this issue, some authors have worked
on tools to guide the design process and take environmental considerations
into account at each step (n=3, 5%). The information provided by those de-
sign tools is often less comprehensive than LCA, but they can be directly
applied by the designer.

Alternative assessment methods have been proposed to replace LCA
during the design for faster iteration. Moultrie et al. [209] developed an
evaluation grid specifically tailored for medical devices, in which several
indicators are qualitatively evaluated to identify the main bottlenecks in
the design. Another common tool is the checklist, as discussed by Unger et
al. [210], that allows to quickly verify that some environmental criteria are
met in hospitals, such as encouraging recycling programs or sustainable
device sourcing.
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One of the main difficulties in the design of medical devices is the large
number of constraints that apply such as regulations, safety, medical effi-
cacy or cost. Mak and Kritchanchai [211] investigated those different con-
straints, ranked them according to their importance and provided design
recommendations. Hede et al. [212] proposed to incorporate sustainability
in a decision-making framework, in order to help prioritize sustainability
criteria with other constraints.

Business models
Maintenance, repair, recycling or reconditioning are practices that enhance
the sustainability of devices by prolonging their life cycle or giving them
a second life. Those are however not straightforward to apply in a cost-
conscious healthcare industry, in addition to the conflicting constraints of
safety and medical efficacy. Circular business models that incentivize sus-
tainable practices have been studied and adapted for this particular sector.
While business models impact primarily the economic aspects of sustain-
ability, they have consequences for the environmental dimension as well,
which is why they are included in this review (n=5, 8%).

As the medical device ecosystem is quite diverse and different devices
often have distinct characteristics and specifications, several types of al-
ternative business models exist to fit each use case. Guzzo et al. [213] re-
viewed different types of circular business models, such as rental, end-of-
life equipment collection, reprocessed devices or equipment as a service,
and mapped them to different device characteristics. Other authors stud-
ied how some models apply to specific healthcare use cases and how they
improve sustainability. For example, product-as-a-service systems [214,
215], in which the client pays for the use of a product rather than its prop-
erty, usually encourage the provider to maximize the life cycle of the device
by improving maintenance and reconditioning. Zlamparet et al. [216] stud-
ied the technological and economic advantages of recycling and remanu-
facturing imaging equipment and servers. Finally, the UBORA project [168]
evaluated the potential for open-source devices in the medical industry, as
well as their impacts on environmental sustainability.

Top-down healthcare system assessment
While most works look at sustainability in a bottom-up approach by start-
ing from selected use cases, five studies included in the analysis proceed
in a top-down approach by taking a macroscopic view at healthcare sys-
tems (n=5, 8%). The aggregate results that are provided are usually coarser,
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but they allow to understand the global picture of environmental impacts
in healthcare and come up with practical guidelines to mitigate those im-
pacts. Among the most urgent objectives regarding environmental sus-
tainability, the reduction of GHG emissions is necessary in the healthcare
sectors to comply with the Paris agreement which aims at limiting global
warming well below 2 °C above pre-industrial levels [217]. Sector-wide
GHG emission reduction strategies have therefore been proposed for the
healthcare system. Sherman et al. [218] reviewed the healthcare emissions
research and summarized the main emission reduction strategies and re-
search gaps. Plans at the national level have also been proposed by orga-
nizations in different countries. In the selected articles, two of those plans
are included, for England [167] and France [165], respectively. These plans
consist in an overview of the current annual emissions divided by sources
as well as propositions, usually at the political and regulatory level, to re-
duce those emissions. The interest of these documents in this review is
twofold. First, the potential savings enabled by telemedicine and mHealth
for different emission sources can be compared with their respective share
in the overview of the total emissions, illustrated in Fig. 5.3. Second, dig-
italization, which usually includes telemedicine and mHealth, is recog-
nized as an important driver for sustainability, e.g., by using virtual proce-
dures instead of those currently taking place in physical settings, such as
remote consultations or electronic records. In these documents, the impor-
tance of taking into account the footprint due to the direct impacts of this
increasing digital infrastructure is also highlighted.

In two studies, the authors specifically tackled the evaluation of the en-
vironmental impacts of eHealth, including the impacts of several applica-
tions. Holmner et al. [54] evaluated qualitatively the potential environmen-
tal benefits of several applications that are part of a larger eHealth system,
such as remote consultations, remote health education, electronic prescrip-
tions or remote diagnosis. Di Giacomo and Håkansson [57] quantitatively
assessed the GHG reduction following the implementation of an eHealth
network for electronic prescription and referral. Both studies mentioned
the reduction in travel as the main environmental benefit from eHealth,
compared to paperwork reduction for instance, while direct impacts from
ICT infrastructure were negligible in the studied applications.

Stakeholders environmental considerations
In order to understand how environmentally-friendly practices are consid-
ered in the healthcare sector, some authors performed interviews directly
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Fig. 5.3 National carbon footprints for the healthcare sector (adapted
from [165] and [167], with supplementary data from [219]). The main emis-
sion source categories are represented with similar colors, with shades to
distinguish subcategories. The scopes for the emission sources each chart
may not be exactly similar and they cannot be compared directly.

with stakeholders (n=2, 3%). Moultrie et al. [220] interviewed designers
from medical device manufacturers to assess the extent of environmental
measures in their design work, and the drivers and barriers to their im-
plementation. Ordway et al. [221] investigated hospital practices to reduce
waste by interviewing hospital staff. While stakeholders are generally will-
ing to improve the environmental impact of the sector, they face significant
constraints to do so. From a design point of view, the medical industry is
seen as risk-averse, cost-conscious and subject to a lot of stringent regu-
lations. The environmental issues are therefore much lower in the list of
priorities. In both studies, the lack of information or education was also
designated as a barrier to the implementation of more sustainable prac-
tices.

Other

A few studies (n=3, 5%) appeared as outliers in the pool of selected papers
in the sense that their scope was not deemed similar to other studies. For
instance, Cosgrove et al. [222] proposed a framework to evaluate the energy
reduction in medical devices production facilities. Alshqaqeeq et al. [223]
performed a literature review of the carbon footprint assessment of patient
care alternatives in hospital services. Finally, McGain et al. [224] discussed
qualitatively the environmental impacts of a catherization laboratory and
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an operating room, with a focus on the opportunities and barriers for im-
provement.

5.2.4 Quantitative content analysis

In order to get a clearer understanding of what aspects of sustainability are
mostly considered in the literature, and hence also identify those that are
under-studied, a quantitative content analysis is performed. This analysis
aims at classifying the selected articles in three dimensions: the scope, the
level of impacts and the environmental indicators. Along each dimension,
categories have been created and associated with the articles, with possibly
one additional level of hierarchy to highlight important subcategories. For
a given dimension, each study is linked to at least one category, and pos-
sibly more than one if several corresponding themes are discussed in the
article. The extracted themes and corresponding occurrences are reported
respectively in Figs. 5.4, 5.5 and 5.6. The exhaustive association of themes
and articles is provided in Table A.1 in Appendix A.

Scope of the environmental considerations
The scope of the environmental considerations corresponds to the part of
the healthcare system whose environmental impacts are discussed, and has
been divided in three categories. Firstly, the device category corresponds to
the studies that look at the impacts of whole individual medical devices,
such as a laryngoscope or a smartwatch. Secondly, the system category
corresponds to the aggregated impacts of several devices, usually in the
context of an application. Thirdly, the component category includes studies
that focus on subparts of a device, such as the sensor or power supply.

It can be seen in Fig. 5.4 that most of the selected articles belong to the
device category, which is the focus of the review. However, only 6 of these
correspond to wearable devices and, when specified, a larger proportion
focuses on hospital equipment and single-use devices for medical inter-
vention. The system category mainly consists in articles on telemedicine. A
few papers discussed the global impacts of eHealth, but none focused on
the impacts of mHealth as a system. In the component category, the energy
harvesting circuits, sensors and flexible substrate are the most represented.

Level of environmental impacts
The level of environmental impacts is here divided in two categories. The
direct impacts are related to the life cycle of the devices, which includes
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Fig. 5.4 Occurences of scopes in selected articles. The scopes corre-
spond to healthcare system components whose environmental impacts are
considered. Relevant subcategories are displayed to highlight significant
groups. Studies on telemedicine and wearable device are highlighted.

the impacts of their production (material extraction, manufacturing, trans-
port), use phase (energy consumption, maintenance) and end of life (dis-
posal, recycling, reconditioning). The indirect impacts are the changes in
other impact sources enabled by the use of the devices. In the selected
articles, those consist mainly in positive impacts such as the reduction of
emissions from transportation and optimization of healthcare procedures.

Fig. 5.5 shows that a majority of the papers analyze the direct impacts
of the medical devices. All life cycle stages are discussed, with a slightly
higher proportion for the end of life stage. The articles associated with
the indirect impacts are predominantly focused on telemedicine and the
induced reduction in travel. Two studies [204, 205] also discuss the opti-
mization of healthcare procedures thanks to remote triage of the patients.
Finally, four articles briefly discussed potential negative indirect impacts
due to obsolescence [60, 165, 182] or rebound effects [58, 165].

Environmental indicators

The environmental impacts of healthcare are multifold and require several
indicators to be fully evaluated. This is reflected by the following cate-
gories of indicators. Waste relates to the amount of discarded devices at
their end of life and includes the alternative ways to reduce its impact such
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Fig. 5.5 Occurences of impact levels in selected articles. The impact lev-
els indicate in what ways the devices generate effects on the environment,
either directly through their life cycle or indirectly through their use. Rel-
evant subcategories are displayed to highlight significant groups. Studies
on telemedicine and wearable device are highlighted.

as recycling, refurbishing, reusing or using biodegradable materials. The
pollution can be of different forms depending on the types of emissions and
impacts on the humans or ecosystem. The energy category includes the en-
ergy consumption at all stages of the life cycle, as well as the attempts to
reduce it. The carbon footprint corresponds to all emissions of GHG that
contribute to climate change. Finally, the depletion of non-renewable re-
sources and the usage of water are included in the resources category.

As shown in Fig. 5.6, the waste category is the most represented one
with 71% of the selected articles mentioning it. The generation of waste
has indeed been reported as one of the main concerns in the medical de-
vice industry. It is also likely the most visible one for the different stake-
holders compared to other categories of impacts that are more difficult to
visualize. The other categories are all significantly present in the studies,
with between 44 and 60% of the articles. The carbon footprint is slightly
overrepresented in the studies on telemedicine that evaluate the emission
savings due to transportation. Within each category, different qualitative
or quantitative evaluation methods may be used for a given indicator.
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Fig. 5.6 Occurences of environmental indicators in selected articles.
The environmental indicators correspond to the aspects of the environment
that are impacted and how they are quantified. Relevant subcategories
are displayed to highlight significant groups. Studies on telemedicine and
wearable device are highlighted.

5.2.5 Limitations

The systematic literature review suffers from a few limitations. First, the
review of the abstracts and articles could only be performed by a single
reader due to practical reasons. Additional reviewers would likely reduce
the risk of subjective bias in the assessment of the selection criteria. Sec-
ond, in the selection and analysis of the articles, all studies were consid-
ered equal and included in the analysis, regardless of their scientific quality
and the amount of evidence presented. Because of the large variety of re-
search areas present in the articles, an evaluation of research quality would
have required expertise in all those different domains. Finally, it is possible
that some studies were missed due the limited selection of the search key-
words. Indeed, as the research question was purposefully broad to include
as many view points as possible, it is difficult to frame the issue with a rea-
sonable number of key-words. For example, as only a single generic term
“medical device” to complement the search on mHealth, other studies us-
ing more specific terms may have been missed. However, the selection of
the articles returned 63 individual items, which already provides an exten-
sive and representative account of the literature.
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Regarding the content analysis, a first limitation is the choice and defini-
tion of the classification dimensions (scopes, levels and indicators) which
were chosen arbitrarily and thus subject to bias. Secondly, as mentioned
in the methodology, all mentions of the themes were counted equally, with
exactly zero or one hit per article. While this avoids a subjective assessment
of the importance of each theme, it represents less accurately the weight of
a given theme in the literature. Indeed, this counting method does not take
into account whether a theme is the focus of the study or only a small part
of the discussion. Finally, similarly to the article selection, the content anal-
ysis could only be performed by one researcher, which increases the risk of
bias when associating words in the texts to themes.

5.3 Shortcomings of mHealth environmental impact assess-
ment

Based on the description of the articles in Section 5.2.3 and the observations
from the content analysis in Section 5.2.4, some conclusions can be made
with regards to the current considerations for environmental sustainabil-
ity of mHealth. Section 5.2.3 showed that environmental sustainability for
mHealth, and more largely telemedicine and medical devices, has been
looked at from many different perspectives. While the multiplicity of re-
search approaches is beneficial with regards to the complexity of the ques-
tion, all these perspectives often seem rather disconnected and do not pro-
vide a consistent understanding of the impacts of these new technologies.
In Section 5.2.4, we discussed some specific aspects of environmental im-
pacts assessment, i.e., the scopes, levels and indicators, and highlighted
the distribution of studies along these axes. This division helps emphasize
that some characteristics of environmental impacts have been more stud-
ied than others.

The research on sustainability in the healthcare sector is still relatively
new and it is therefore normal that significant research questions remain
unanswered. However, this lack of research is even more pronounced for
mHealth, which can be seen as an issue for two reasons. Firstly, regard-
ing the devices themselves, wearable devices differ in many respects from
traditional medical devices. Indeed, their composition relies primarily on
electronics whose production and end of life have significant impacts. For
instance, the LCA of an e-textile by van der Velden et al. [183] showed that
electronic components are responsible for 71% of the device production im-
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pacts. Due to their portability requirements, they are also subject to addi-
tional constraints such as their power consumption or size, which requires
more tightly integrated components. Compared to traditional medical de-
vices that are mostly prescribed or used by doctors, there are many devices
associated to mHealth, such as fitness trackers, smartwatches, or simple
monitoring devices for sleep or stress, that are currently mostly bought
on the patient’s own initiative. Finally, they operate outside usual medi-
cal settings and procedures, which means that they are not subject to the
same medical and regulatory oversight. Similarly to other electronic de-
vices, the wide variety of mHealth devices should be reflected in the eval-
uations, as their respective bottlenecks may differ [27]. Secondly, regarding
the mHealth system, the current drive towards a more sustainable health-
care system is expected to rely partly on eHealth. When discussing the
environmental impacts at the system level, most authors focus on the posi-
tive effects and often consider all new technologies indiscriminately, with-
out discerning the different devices, applications and contexts. As men-
tioned in the national strategic plans [165, 167], the sustainability potential
of digitalization can only occur if it is explicitly taken into account to avoid
adverse effects. As these technologies are only currently emerging, the op-
portunity can be seized to implement sustainable practices and regulations
from the start, but first require understanding the use case in which they
can actually bring benefits.

Within direct impacts, the previous analyses showed that sustainability
in the healthcare sector is largely centered around the issues of waste and
end of life. This may be due to the frequent use of single-use devices and
plastics to avoid contaminations, and the higher visibility of waste for hos-
pital staff compared to other indicators. However, the relative importance
of each life cycle stage in terms of impacts can significantly vary from one
device to another. For instance, due to their technological complexity, the
production of electronics often accounts for a significant part of the total
impacts in sensor devices [27, 29]. The evaluation of mHealth solutions
therefore needs to take into account all life cycle stages, looking at the vari-
ous indicators of environmental harm. Additionally, direct impacts due to
the devices life cycle are not the only effects that a new technological solu-
tion can have on the environment. Indirect effects induced by the use of a
technology can, in some cases, be larger than the direct impacts. In the liter-
ature, the discussion around these indirect impacts are largely dominated
by the travel reduction obtained thanks to telemedicine. They are therefore
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mostly focused on positive impacts and revolve around the issues of car-
bon footprint. However, indirect impacts can also be negative, e.g., when
they induce an increase in the demand for another resource, and involve
different indicators than GHG emissions. In our review, only four article
included negative indirect impacts. Three mentioned the increased obso-
lescence for e-textiles [60, 182] or digital devices [165]. Purohit et al. and
the Shift Project report also succinctly discussed the possibility of rebound
effects [58, 165].

Due to the shift in paradigm enabled by these technologies, eHealth and
mHealth can induce deep transformations in the healthcare system. In or-
der to anticipate the sustainability aspects of these emerging technologies,
their effects at the macroscopic systemic level must be taken into account.
An exhaustive sustainability evaluation should therefore consider the di-
rect life-cycle impacts of a technology and the positive and negative ef-
fects induced by the use of the technology, but also the broader structural
changes to the healthcare infrastructure, usage, institutions and economy.

5.4 Systemic approach to mHealth sustainability

As discussed in Section 5.3, when considering the long-term global im-
pacts of a new technology, it is important to consider both its direct and
indirect impacts, whose relative proportion varies from one application to
another. Indirect impacts are especially important for ICT-based solutions
which have the potential to indirectly influence the consumption of other
related resources through, e.g., behavior modification, process optimiza-
tion or virtualization. A commonly cited example is the reduction in the
amount of resources for paper consumption thanks to the use of electronic
communication and archiving. The nature of these indirect impacts varies
in their direction, either improving or degrading the overall environmen-
tal footprint, and their action scale, at the level of an individual or society.
Hilty and Aebischer [51] have proposed the LES model to conceptualize
these impacts along multiple levels. In their model, the Life-cycle (LC) im-
pacts relate to the direct impacts that occur during the production, use or
disposal of ICT devices, similarly to the definition used in the previous
sections. Indirect impacts are divided in two separate levels. The Enabling
(E) impacts are the changes induced by the usage of the devices at the mi-
cro level, with technological, behavioral or organizational modifications.
These modifications may have a positive impact, through substitution (ICT

142 |



Systemic approach to mHealth sustainability | 5.4

replaces another resource) or optimization (ICT enables the reduction of
another related resource), or a negative impact, through induction (ICT
stimulates the use of another resource) or obsolescence (ICT reduces the
lifespan of another resource). For mHealth, this relates for example to the
reduction of patient travel, the optimization of health procedures, or the
increased healthcare demand due to medicalization. The Structural (S) im-
pacts correspond to macroscopic changes in the economic structures and
institutions, enabled by the ICT devices. Long-term modifications in the
healthcare infrastructure or in the role of doctors are examples of these dy-
namics due to mHealth. Like enabling impacts, structural impacts can also
go in either positive or negative directions regarding the overall footprint
evolution. The different impact categories of the LES model are usually
conveniently displayed in a grid as the one in Table 5.1.

Building on the limitations drawn from the literature review presented
in Section 5.3, this section relies on the LES framework to evaluate more
extensively the impacts of mHealth. To do so, the different levels of the
framework are illustrated with presumptive examples of positive and neg-
ative effects that mHealth may have on the environment, all listed in Ta-
ble 5.1. For a few of the proposed examples (in blue in the table), the link
between mHealth systems and environmental impacts has already been
explicitly mentioned in the literature. For the others (in black), the link
from mHealth to environmental impacts has not been discussed explic-
itly and is therefore extrapolated in this work from the wider literature on
mHealth. The intentionally normative distinction between positive and
negative impacts present in the original framework has been kept as it
highlights the balance between the optimistic expectations and possible
downsides. All items in Table 5.1 are detailed in the rest of this section.
While the discussion aims at providing a large overview of the possible im-
pacts, it cannot be completely exhaustive due to the wide range of possible
impacts, especially as we progress towards complex system-level conse-
quences of mHealth technologies.

5.4.1 Life-cycle impacts

As observed in the literature review, Life-cycle impacts, i.e., direct impacts,
are by far the main point of attention for medical devices. However, the
evaluations that are provided often remain only qualitative or incomplete.
For a thorough evaluation of the direct impacts of a technology, life-cycle
assessment (LCA) studies, as described in the ISO14040 standard, provide
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the most extensive results. In the review, only 11 studies reported LCA re-
sults for medical devices [28, 59, 170, 171, 174, 175, 178, 180, 183, 186, 210].
Within these, two of them focused on wearable devices: the article by Ma
and Chan on a smartwatch [59] and the thesis of Kokare on cardiac mon-
itoring devices [28]. Despite the increasing efforts, LCA studies remain
difficult to perform due to the length of the process, the required expertise
and the lack of available data, especially for electronic devices.

Several characteristics of mHealth devices point towards an increase of
their direct impacts compared to traditional medical devices. [LC1−] At
the unit scale, mHealth devices often consist in complex devices: flexi-
ble and biocompatible materials for skin-worn electronics, devices seam-
lessly integrated into garments, advanced technologies for small form fac-
tor, etc. These technologies all involve complex material streams that make
their fabrication and disposal increasingly difficult to handle. For instance,
Köhler et al. [182] highlighted future issues with the disposal schemes of e-
textiles due to the tight integration of electronics into the fabrics. [LC2−] In
some cases, these issues with more complex streams might be further am-
plified by the safety precautions required for devices that have been con-
taminated though contact with tissues or biological fluids. Those hinder
the implementation of circular business models that reduce end-of-life im-
pacts by enhancing recycling or refurbishing rates [213].

While the previous effects refer to the relative impacts of individual de-
vices, the overall environmental impacts depend on the absolute footprint
of the devices, which is proportional to the scale of the deployment. For
instance, as discussed in Chapter 1, the production carbon footprint of a
signal wearable device is limited (around a few kgCO2e’s, with a lot of
variability), but must be multiplied by the number of devices produced.
As mHealth is built as a distributed infrastructure, the amount of elec-
tronic equipment for mHealth is therefore likely to increase by design.
[LC3−] While applications for smartphones mainly rely on existing de-
vices, mHealth also includes a large number of wearable connected sensors
that will add to the existing ICT infrastructure. This market, often referred
to the Internet of Medical Things (IoMT) in reference to the global Internet
of Things (IoT), is expected to grow very rapidly with millions of new con-
nected devices [62]. This growth in the number of devices is not only due
to economic reasons, but is also sometimes required by design. Indeed, for
instance, lots of devices are necessary to justify the shared networks and
infrastructure which must be installed to connect them. Similarly, the arti-
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ficial intelligence algorithms often used in combination with these devices
require lots of data originating from many devices, in order to improve
their own accuracy. [LC4−] Wearable devices usually require additional
infrastructure in order to store, transmit and process the huge quantities
of data generated. As the ICT infrastructure of healthcare, including ded-
icated computers or datacenters, has not been designed to manage all this
data, it will also need to grow in the future. In telemedicine-related stud-
ies, this impact of the ICT infrastructure has often shown to be negligible,
but the scope was usually only limited to videoconference or telephone call
during the time of the remote consultation, at a limited scale. Those conclu-
sions will likely therefore change if telehealth becomes more mainstream
and other uses start to emerge.

5.4.2 Enabling impacts

In the scientific literature, indirect Enabling impacts have been mostly stud-
ied from the perspective of reduced travel thanks to telehealth. [E1+] In
the review of Section 5.2, 11 studies that discussed telemedicine reported
a decrease in the carbon footprint obtained by substituting face-to-face ap-
pointments with remote consultations [58, 200, 201, 202, 203, 204, 205, 206,
207, 208, 223]. While most of these studies focus on specialized medicine
associated with longer travel distances, the carbon break-even point be-
tween indirect travel emissions and direct ICT footprint has been estimated
at only a few kilometers (16 km [207], 7.2 km [201]).

Other reductions have also been reported in those studies, though less
frequently. [E2+] One example is the information obtained through ICT
devices which can be used to optimize the use of healthcare resources. Au-
debert et al. [205] mentioned that telehealth and telemonitoring could be
used as a basis to reduce unnecessary hospital admissions. Indeed, on top
of the reduced travel, large amounts of resources and energy are consumed
at the hospital, which can be avoided by relying on data obtained remotely.
Similarly, Wang et al. [204] proposed using preoperative triage remotely
to assess whether the patient is fit for surgery travelling to the hospital.
Thanks to telemedicine, additional savings are obtained from the reduced
use of physical resources such as personal protective equipment [207] or
paper [206] associated with physical consultations.

To the best of our knowledge, other positive indirect effects of mHealth
have not been discussed in the literature, yet present a high potential for
reducing environmental impacts. Indeed, when considering the carbon
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footprint, as shown in Fig. 5.3, many emission sources contribute to the
global footprint. Among those, travel which receives most of the attention
only accounts for 14 to 16% of the total [165, 167]. Relying on mHealth to
optimize specifically the other emission sources such as the supply chain or
hospital resources may prove equally or more effective in reducing the sec-
tor impacts. [E3+] One way to do so is to increase preventive medicine. It
has been mentioned as a lever to reduce the healthcare footprint, thanks to
the reduction of resource-hungry curative medical procedures [165, 167].
By making it possible to interact more frequently with the patients, tele-
health has been considered as an interesting tool to promote healthy be-
haviors and prevent medical issues [225, 226, 227]. [E4+] It has also been
reported that up to 40% of care is either useless or even harmful [228]. In
addition to the effects on the health, cost and comfort for the patient, this
also induces additional environmental impacts. Artificial intelligence, rely-
ing in part on mHealth sensor data, could be used to pave the way towards
a more evidence-based and personalized medicine in order to bridge this
gap [229]. Given the large proportion of environmental impacts originat-
ing from the supply chain (Fig. 5.3), this data-driven optimization could
induce significant savings.

Enabling impacts can however also be negative when they cause an in-
crease in the environmental footprint. Induction effects are an example of
such negative indirect impact which occur when the use of a technology
stimulates the consumption of similar or different resources. [E5−] For
mHealth, induction effects could appear as an increase in the demand for
healthcare. For instance, adverse health effects may occur due to the use
of eHealth applications. Behne and Teuteberg [230] reviewed some of the
negative health impacts of these technologies such as increased stress, re-
duced quality of sleep, or overcompensation behaviours. Additionally,
even in the absence of actual health issues, the demand in healthcare may
increase due to the medicalization of previously non-medical aspects of
the patients life. Baker [231] hypothesized that the feedback obtained from
a wearable device would encourage the wearer to self-correct toward a
norm that may not be well defined. While the ensuing actions could be
beneficial, e.g., exercising more or improving their diet, it could also lead
to unnecessary medical consultations.

[E6−] Finally, connected objects with embedded electronics tend to be
subject from shorter innovation cycles, which leads to increased obsoles-
cence [232, 233]. Obsolescence can occur in multiple ways: components of
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the system failing prematurely (hardware obsolescence), software updates
not being provided for older systems (software obsolescence), or features
from new devices lessening the appeal for previous versions (psychologi-
cal obsolescence). This effect has also been reported for wearable devices
such as hearing aids [234], e-textiles [60, 182] or handheld assistant de-
vices for nurses [235]. This shortened life-cycle increases the quantities of
devices that must be replaced, along with the associated fabrication and
end-of-life impact overhead.

5.4.3 Structural impacts

The level of Structural impacts refers to macroscopic, systemic and long-
term changes to institutions or economic structures. Due to their more
complex nature, they are often more difficult to describe and predict. This
part is therefore more of a prospective exercise. [S1+] At the business level,
ICT has been shown to be a key component in the transition towards more
sustainable production and consumption patterns, by using the connectiv-
ity properties to enhance material circularity. In a healthcare industry that
is still very reliant on disposable single-use devices, more circular business
models could emerge to reduce the amounts of waste, with the support of
digital devices and mHealth [213, 236]. However, digital systems are not
necessarily associated with these more sustainable patterns, for example as
they have also contributed to increase consumption in some contexts.

[S2−] Rebound effects, also know as the Jevons paradox, take place at
the macro-level when the resources (energy, time, money, etc.) saved by
improving efficiency are reinvested and increase the demand for similar
or different services, i.e. direct or indirect rebound effects. Overall, this
effect curbs the gains that would be expected from the efficiency improve-
ment alone and, in some cases, even leads to an increase in the absolute
amount of resources spent [53], which are called backfire cases. For in-
stance, even though many studies on the travel-related emissions of tele-
medicine assume that all other factors remain equal, Purohit et al. mention
the possibility of rebound effects in that context, as time and cost savings
may be reinvested in other activities [58]. While this effect has not been
specifically studied for telemedicine, some studies on telework show that
the expected GHG reductions are significantly mitigated by such second-
order effects [237]. More generally, due to the behavioral and societal fac-
tors, it is difficult to predict if and how the energy, time and cost savings
from mHealth and telemedicine will be reinvested in other areas and thus
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reduce potential abatement [238].

Regarding some other systemic effects, it can be extremely difficult to as-
sess whether the global impact will end up as positive or negative. [S3] For
example, Cornaggia et al. showed that telemedicine puts a financial strain
on rural hospital due to the redistribution of services towards more special-
ized urban hospitals [239]. This financial hardship may cause bankruptcy
for smaller hospitals and lead to centralization of care in larger facilities.
On the one hand, this could lead to economies of scale and improved en-
ergy performance in the hospitals. On the other hand, as telemedicine can-
not fully replace face-to-face appointments, typically for physical examina-
tion or treatment, this centralization could increase the length of individual
journeys, which is a form of rebound effect as telemedicine is intended to
limit these journeys.

Structural effects also include changes at the institutional level. For ex-
ample, institutions, regulatory bodies or insurance organisations already
play an important role in the biomedical industry. They decide which de-
vices are deemed safe enough to be commercialized, whether social secu-
rity or private insurance cover the medical costs, what the optimal guide-
lines are for medical personnel intervention, and so on. When new tech-
nologies emerge, changes in the laws and procedures may be required
to adapt to their specificities. [S4] Regulation has often been reported as
both a barrier [173, 214, 218, 224] or a driver [169, 220, 221] for implement-
ing more sustainable healthcare solutions. For instance, in the European
Union, some directives such as the ones on Waste Electrical and Electronic
Equipment Directive (WEEE), Restriction of Hazardous Substances Direc-
tive (RoHS) or Ecodesign already encourage more sustainable practices,
including for mHealth devices [220]. However, derogations to these regu-
lations can be obtained for some medical devices, for example in the case
of recycling of infected devices. Given the current concerns for the envi-
ronment, these are likely to become increasingly stringent. At the same
time, other regulatory constraints regarding, e.g., safety or privacy put an
additional, although necessary, burden on the design of the devices, thus
shifting the focus away from environmental sustainability.

Given their impact on the healthcare paradigm, eHealth has the poten-
tial to deeply modify the way healthcare currently operates in the long-
run [240], ultimately having implications for the environmental footprint.
[S5] Some examples of the potential profound changes are the modification
of the role of doctors through the patient empowerment [241], the increas-
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ing importance of technology in healthcare services [242] or the overall
improvements in the health outcomes. The amplitude of these effects are
still very much unknown and their future environmental impacts would
be very difficult to estimate.

5.5 Conclusion

mHealth and eHealth are on the verge of profoundly transforming the
healthcare system. This transformation is likely to have significant impacts
on environmental sustainability, but they are still difficult to evaluate due
to the limited knowledge on these issues. This chapter aimed at providing
a better understanding of the global environmental impacts of mHealth
using the LES framework, and highlighting the lack of a systemic vision.
This has been done by first evaluating how environmental impacts are con-
sidered in the scientific literature, then highlighting the current limitations
in the evaluation of these impacts, and finally proposing a systemic frame-
work that takes into consideration a macroscopic view of the mHealth sys-
tem. By looking at the potential evolutions of the mHealth system and its
impacts, some prospective examples were used to illustrate these larger
impacts. This is a first step towards an approach that looks further than
usual considerations in the literature, which remain limited to life-cycle
impacts of individual devices and travel reduction.

The more comprehensive LES framework also highlights the complex-
ity of evaluating the overall impact of design directions. Indeed, the en-
vironmental benefit or detriment of a technology comes from the balance
between several positive (substitution, optimization, structural modifica-
tions, etc.) and negative (life-cycle, induction, obsolescence, rebound ef-
fects, etc.) impacts, which can hardly be predicted. In the case of spe-
cific design choices, these induced effects can be synergistic or antagonistic,
i.e., acting in similar or opposite directions, respectively. For instance, the
implementation of smart wearable devices discussed in Chapter 1, which
embed local processing of the data to limit the wireless transmission data
rates, can reduce the average power consumption of the device, in addi-
tion to mitigating the need for infrastructure to transfer, store and process
large quantities of data. On the other hand, antagonistic effects may occur,
such as the more complex and integrated devices with higher production
impacts, or increased obsolescence due to specialization of the device if
upgradability is not included. Evaluating the balance of these choices is
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not straightforward, especially when the effects span multiple levels.

Environmental sustainability considerations have been mostly lacking
in the healthcare sector due to several reasons [220]. Firstly, with hu-
man health at stake, the concerns about environmental impacts have of-
ten been considered, knowingly or unknowingly, as a lesser evil and left
aside in terms of priority. Secondly, the medical industry is already fac-
ing many barriers such as strict economic constraints, tedious regulatory
procedures, or a strong emphasis on patient safety. In parallel to this, few
economic or legal incentives exist to incite companies and institutions to
change the status quo and take environmental constraints into considera-
tion. Thirdly, an important barrier is still the lack of knowledge pertaining
to environmentally-friendly practices for medical device designers, policy-
makers, medical staff, or patients. Despite these barriers, awareness about
these issues is rising and many stakeholders are willing to act. In particu-
lar, in healthcare, it is becoming more clear that environmental impacts are
directly linked to human health due to the consequences of climate change
or environmental pollution, for instance. When healthcare activities con-
tribute to an increase in environmental damage, this comes as a direct con-
tradiction of the "first, do no harm" injunction to medical personnel.

Research around those larger environmental impacts of mHealth is re-
quired in order to design future guidelines and policies, and to ensure that
mHealth leads the healthcare sector on a path towards increased sustain-
ability. As concerns regarding environmental footprint are currently ris-
ing, the priority given to sustainability in the design and choice of new
technologies is likely to rise, but requires the proper methodologies and
tools. While the proposed framework provides a way to characterize and
categorize the potential effects of these technologies, there is still a long
road to providing actionable guidelines for their development. As the ef-
fects discussed in Section 5.4 remain hypothetical, future steps consist in
their study, and quantification when possible, in relevant use cases to eval-
uate their relative importance. The balance between positive and nega-
tive impacts could then be assessed for different mHealth technologies and
in different contexts. Indeed, while wearable technologies could provide
valuable benefits in some situations, the outcomes could change in other
cases due to differences in cultures, geographical and political contexts, or
needs for the healthcare system. A striking example of the impact of the
context on the sustainability of mHealth technologies is the difference be-
tween high- and low-income countries. In the former case, mHealth adds
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to a generally efficient and robust healthcare system, whereas in the latter
case it is used to compensate for the limited infrastructure. The sustain-
ability challenges and barriers to its implementation therefore differ signif-
icantly [158, 243]. Further research into these questions would be valuable
for both designers in order to optimize the impacts of their devices, and
for policy-makers and institutions to properly regulate the development of
these emerging technologies.

As described in Section 5.4, the indirect environmental effects of mHealth
induce changes in the healthcare system as a whole. The study of these
changes involves medical, economic, social, psychological, political or be-
havioral questions that are beyond the traditional scope of engineering. In
the LES model that is used to structure the impact categories, the life cycle
level is usually limited to technical considerations and is easier to quantify,
which also likely explains why it has been the focal point of previous re-
search. Enabling and structural changes are less well-defined, depend on
user behavior and institutional response, and they are less prone to precise
quantification. An interdisciplinary dialogue therefore seems necessary to
reconcile these different characteristics and fully grasp those systemic im-
pacts. It is also worth remembering that environmental issues are only a
part of the overall sustainability question, in parallel with economic and
social considerations. This multi-sided vision ensures that mHealth has
the least detrimental impact on the environment, but is also socially ac-
ceptable, e.g., with fair treatment of the workforce and respect of the local
and global communities, and economically viable, i.e., thanks to cost ef-
fectiveness and proper governance. These considerations further highlight
the need for interdisciplinary research, in order to provide the proper tools
and education to the stakeholders [JP3].

Finally, while improving efficiency and minimizing environmental im-
pacts of the individual devices are necessary strategies, they alone will not
address the systemic impacts and potential rebound effects. The concept
of digital sufficiency described by Santarius et al. [52] provides clues on
how to identify ICT solutions that foster a reduction in the absolute envi-
ronmental footprint. Applied to mHealth, sufficiency consists in ensuring
that new technological developments actually answer the medical needs,
that their deployment and use fits the intended purpose, or that they pro-
vide low-impact alternatives to existing services. Considering that we only
have finite resources at our disposal, this question of selecting only the
most valuable outcomes can be seen as a sensitive issue, especially in the
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context of health which is often seen as a primary concern. These issues call
for a wider societal reflection on our health objectives and how technology
will contribute to them.
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Conclusion

This thesis explored the design and optimization of ultra-low-power bio-
medical sensor systems for mHealth technologies through the different de-
sign layers illustrated in Fig. 6.1. In Chapter 2, this exploration started at
the bottom of the abstraction hierarchy with the design of the analog and
digital, hardware and software components of an electronic integrated sys-
tem for a wearable monitoring device. The system design targeted the use
case of signal acquisition and arrhythmia classification in long-term ECG
monitoring. In Chapter 3 between the circuit and system layers, the perfor-
mance and power consumption of the internal blocks of the system were
first modeled in order to evaluate the design trade-offs. These performance
characteristics were then optimized numerically to fit the specifications of
the system and minimize the total power consumption in Chapter 4. Fi-
nally, at the application level, a literature review reconsidered the sustain-
ability of wearable devices and mHealth technologies in Chapter 5. Three
main research questions related to the design of mixed-signal electronic
systems for wearable devices were highlighted at the beginning of the the-
sis. This concluding chapter consecutively reviews these questions in the
light of the results presented in the previous chapters. Some perspectives
for further work are also outlined.
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Fig. 6.1 Circuits and systems abstraction layers. The different chapters
explored different parts of the abstraction hierarchy.

6.1 ULP MCU for complex embedded processing

Microcontrollers are at the core of many sensor devices as they enable
on-chip processing of the acquired signals. Wearable devices for biomed-
ical applications often rely on complex algorithms to extract the informa-
tion from the raw biosignal. These algorithms require high computing
resources, which tend to increase the power consumption in energy-con-
strained devices. While application-specific circuits are often used for their
higher computing performance and energy efficiency, they often lack the
versatility of MCUs. In order to bring together the upgradability of MCUs,
the computing requirements of biomedical applications and the low power
budget of wearable devices, the following question was raised:

Question 1 Can ultra-low-power microcontroller units enable complex on-chip
real-time signal processing such as beat-to-beat arrhythmia classification, within
a limited power budget of a few µW’s?

A ULP MCU prototype, codenamed SleepRider and fabricated in 28-nm
FD-SOI, was designed in Chapter 2 to demonstrate the ECG monitoring
and arrhythmia classification application. The high energy efficiency of
the ultra-low-voltage logic and ultra-low-power memories combined with
the low power consumption of the custom AFE enable the proposed sys-
tem to achieve the target use case with an average power of only 13.1 µW.
The implementation of the system shows that all components of the sys-
tem, both analog and digital, hardware and software, must be optimized
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to fit the limited power budget. More specifically, the IA in the AFE is
optimized for low noise and low power consumption while meeting the
constraints of measuring biopotentials. The DBE is operated at ultra-low-
voltage for minimizing the processing power, relying on adaptive back-
biasing to enable a high clock frequency and compensate PVT variations,
as well as ULP SRAM and low-power CPMU to further reduce the DBE
energy. Finally, the classification algorithm and its software implementa-
tion are designed for a resource-constrained device, namely by pruning the
algorithm to reduce the memory and computing requirements.

While the implementation proposed in the first chapter focused on ar-
rhythmia classification in ECG monitoring devices, ULP MCUs can be use-
ful in many different energy-constrained applications. More specifically,
they are particularly fit for applications that have mid-range requirements
in terms of data rate (around 0.1 to 100 ksps), frequent operation (e.g., ac-
tive duty-cycle higher than 0.1%) and processing requirements (typically
small machine-learning models). These applications can for example in-
clude biomedical, audio, or industrial monitoring use cases. In contrast, in
applications with very low data rates and limited processing requirements,
such as simple environmental sensors for light, humidity or temperature,
their extremely low duty-cycle makes the power consumption in active
mode negligible. The necessity of energy-efficient processing is therefore
quite limited. On the opposite end of the spectrum, some applications re-
quire that the device handles very high data rates or complex data pro-
cessing, such as in real-time intelligent vision systems. These applications
may not fit the specifications of ULP MCUs, whose peak performance is
limited by the MHz-range clock frequency and the scalar processor. Addi-
tional hardware acceleration or parallel processing are likely necessary to
meet the requirements of these applications. In order to map the circuit-
level performance of ULP MCUs to the applications benefiting most from
their characteristics, future research would need to expand this study to
different applications with various acquisition and processing tasks.

In the introduction of this thesis, it was assumed that local processing
of the acquired signals thanks to embedded data processing would reduce
the device power consumption and mitigate the environmental footprint
of the application by reducing the amount of data transmitted through
the network. Some adverse effects were highlighted such as the risk of
faster obsolescence, the increased energy consumption and the impact on
the production due to more complex devices. While Chapter 2 addressed
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the first two issues by achieving low-energy computations with an upgrad-
able platform, the latter is still subject to significant uncertainty. Indeed,
the added DBE required to perform the signal processing impacts the pro-
duction environmental footprint in two ways. First, a larger silicon area
is required to include the digital circuits, which can be significantly larger
than the AFE alone. In Chapter 2 for instance, the logic and memories
are respectively 6× and 10× larger than the AFE. Secondly, the implemen-
tation of ULP MCUs often relies on more advanced technology nodes to
benefit from the reduced energy in digital circuits, compared to usual AFEs
that mostly use older nodes, as detailed in Tables 2.3 and 2.4. These more
advanced nodes typically have a larger production footprint per silicon
area [61, 102]. While digital circuits benefit from a higher density which
balances these impacts, the continued integration of on-chip functionalities
and the limited scaling of analog circuits may lead to an overall increase
in the footprint [244]. Further investigations of these secondary impacts of
embedding advanced processing in the circuits, in parallel to the optimiza-
tion of their implementation, will be necessary to allow designers to make
an informed choice with regards to the best integration strategy.

6.2 Numerical optimization in hierarchical system design

In the field of electronic system design, a lot of research focuses on the lo-
cal improvement of circuit-level performance for the multiple blocks that
make up electronic systems. By pushing the technical boundaries of indi-
vidual circuits, the global system performance is also enhanced. However,
these improvements may not be fully leveraged if the target block-level
specifications do not directly serve the system-level performance objective.
Multiple hierarchical design methods have been proposed and are used on
a daily basis by design teams. Yet, none of these actually guarantees to
reach a global system performance optimum, and few can directly apply
to large mixed-signal SoCs that are often found in sensor systems. The
second question addressed in this thesis was therefore:

Question 2 How can we tune the block-level performance requirements in or-
der to minimize the system power consumption while maintaining the inference
accuracy in complex mixed-signal sensor systems?

In Chapters 3 and 4, a hierarchical cross-domain system-level methodol-
ogy was proposed to minimize the power consumption of the MCU-based
arrhythmia classification system of Chapter 2. This methodology relies on
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three steps: (1) the modeling of block-level power and performance trade-
offs, (2) the implementation of a system performance macromodel for ef-
ficient inference accuracy evaluation, and (3) he numerical optimization
of the system based on the implemented model. Several methods for ex-
tracting Pareto performance of circuits are presented in Chapter 3, respec-
tively for knowledge-based, simulation-based and software emulation ap-
proaches. These different methods can be used to model diverse circuits,
from simpler to more complex, in analog or digital domains, as illustrated
with the different circuits in the arrhythmia classification system. The sec-
ond and third steps are discussed in Chapter 4. By applying the proposed
methodology to the target system, the results demonstrate that our numer-
ical optimization approach allows to find a design optimum for the system
and reduce the total power consumption.

This work provides new insights on how numerical optimization can
benefit system-level design. Despite its potential for optimizing system
performance, the application of the methodology still shows some techni-
cal limitations which open perspectives for future research. Firstly, the long
simulation time for the system macromodel, leading to an optimization
time of several hours, is a hurdle for practical use of the method. The total
execution time could be reduced either by implementing a faster model, by
relying on parallel execution, or by reducing the number of function calls in
the optimization algorithm. A faster model would mainly require working
on the SVM classifier training, either by reducing the training frequency or
the training time. Parallel execution requires splitting the numerical sim-
ulations in several threads, which could be done easily as the database al-
ready consists in several independent records. Finally, the number of func-
tion calls mainly depends on the type of algorithm used. Gradient-based
algorithms are often considered as the most efficient in this regard. Yet,
other algorithms such as surrogate model-based Bayesian optimization are
worth comparing, as they do not require gradient estimation and are also
meant to limit the number of function evaluations [116]. Secondly, the eval-
uation noise of the system macromodel interferes with the gradient-based
optimization process. This tends to increase convergence time or provide
false optima. As the noise is an intrinsic part of the model, the only possi-
bility to reduce it is to rely on averaging, at the cost of increased simulation
time. Alternatively, the optimization algorithm could be made more robust
to noise, either using a modified SQP algorithm [245], or alternatives such
as Bayesian optimization [116].
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Another important limitation of the proposed methodology is the need
for an accurate macromodel of the system, which includes parametrized
non-idealities for the optimized blocks. This model can require signifi-
cant work to implement, especially as the system grows more complex.
In particular, important characteristics of the model should be its imple-
mentation and simulation time, accuracy, and robustness, which rarely go
together. Design time is often a critical factor. While a designer may prefer
to spend a minimum of time implementing the system model, making an
extra effort to ensure that the simulation time is short enough pays back
when executing the optimization process. Implementing models of the cir-
cuits that fit as close as possible their actual behavior is a challenging task,
especially as there is a trade-off between model complexity and accuracy.
In the end, the accuracy of the model directly impacts the accuracy of the
optimization result. The robustness of the model is also an important as-
pect as the optimization algorithm may explore untested parts of the pa-
rameter space, which can result in unexpected and possibly wrong results.
Fortunately, if circuit blocks are standard and appear in different systems,
the models can be reused and the implementation work is shared. As an al-
ternative to design-time optimization which requires accurate and robust
models, post-silicon tuning can also be considered with configurable cir-
cuit blocks, at the expense of a more complex analog design for configura-
bility implementation.

In this thesis, the proposed methodology is applied specifically to the use
case of ECG arrhythmia classification. However, the method and discus-
sions can surely be extended to other types of biomedical and non-biomed-
ical sensors that share similar characteristics. The main feature that makes
the presented approach relevant is the balance between different blocks of
the system with regards to their impact on total power and overall per-
formance. This balance is often found for instance in the acquisition and
processing of low-dimensional signals with a data rate in the kHz-range.
Depending on the exact use cases, several biosignal monitoring applica-
tions may fit these requirements, such as epilepsy detection on EEG signals
or stress measurement from multimodal signals. Other use cases outside
biomedical applications can also enter in this category such as speech pro-
cessing in audio sensors or machine fault detection accelerometer-based
systems. Inversely, when only one of the blocks consumes much more
power than the others or is the major determinant of the overall perfor-
mance, the usual approach of focusing the optimization on this single block
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is the most relevant. In order to evaluate the scope of the systems which
could benefit from the proposed methodology, more research is necessary
to target use cases with varying importance of analog or digital circuits,
different signal acquisition constraints or new processing tasks.

6.3 Global approach to mHealth environmental impacts

Environmental sustainability is a growing concern in both the ICT and
healthcare sectors. In ICT research, the efforts towards the reduction of
environmental impacts is still largely focused on the issues of energy effi-
ciency and reduction of batteries. In the healthcare sector, the considera-
tions for the environment tend to revolve mostly around the issues of waste
generation and the life cycle impacts of medical devices. In both sectors,
the digitalization of services is seen as a major tool for reducing impacts
and paving the way towards sustainable systems. At their intersection,
mHealth is a recent technological trend which carries a lot of expectations
for improving the cost and medical efficiency of healthcare services, and re-
ducing their environmental footprint. Despite the hype around these new
technologies and their expected potential, there is still limited evidence
regarding their actual benefits, and the efforts for evaluating their environ-
mental sustainability are quite fragmented. The last question addressed
in this thesis proposes to take a step back with regards to the best way to
improve the sustainability of mHealth devices and systems:

Question 3 How can we assess whether mHealth technologies contribute to the
environmental sustainability of the healthcare system?

By reviewing and commenting on the scientific literature, this work high-
lighted the lack of a consistent approach to evaluate the environmental im-
pacts of mHealth, and specifically the lack of a framework that considers
more comprehensively the indirect effects of these technologies as a sys-
tem. As an answer to these shortcomings, we proposed to rely on the LES
framework, which allows to explore deeper the systemic consequences for
the environment of introducing mHealth technologies in the healthcare
system. Numerous examples of indirect impacts, both enabling and sys-
temic, have been suggested based on examples from the literature. This
larger perspective on environmental impacts allows to better anticipate the
potential adverse effects of a new technological deployment, and therefore
possibly mitigate them. The long-term repercussions of this systemic im-
pact assessment can range from device eco-design in order to foster pos-
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itive impacts and avoid the negative ones, to new regulations or policies
which aim at favouring applications that enhance the sustainability of the
healthcare system.

While the LES framework has the advantage of structuring and opening
perspectives with regards to the effects that are considered, it is not meant
to provide a final exhaustive quantification of the environmental impacts.
It therefore opens many new lines of research, in order to first investigate
the existence and magnitude of these potential impacts in different use
cases. Indeed, there exists a large variety of devices which can respectively
be used in various manners or contexts, which influence the scale of envi-
ronmental impacts. The sustainability assessment of mHealth technologies
therefore needs to consider these dimensions. Ultimately, sustainability
assessment also questions the countermeasures that can be considered to
mitigate those impacts at different design, validation or regulatory levels,
in order to better select and optimize these emerging technologies.

An important aspect which is emphasized with the proposed systemic
approach is the need to initiate a multidisciplinary dialogue. Indeed, the
dimensions of environmental sustainability involving mostly technical as-
pects are those that have understandably received most of the attention
from the research community. In the meantime, the other dimensions, in-
cluding aspects that are further away from the engineering perspectives
such as psychology, economy or sociology, are often poorly evaluated, if
at all. Removing barriers between research fields is however not an easy
task as those do not share the same practices, evaluation metrics or vocabu-
lary. Future research on sustainability will therefore likely require working
in an interdisciplinary or transdisciplinary fashion, for building both new
knowledge and new methods. For instance, one can think of the economic
evaluation methodologies used to balance costs and benefits in complex
markets, which may provide ways to address those problems.

6.4 From system optimization to sustainable system design

Hierarchical thinking is at the core of the engineering practice. Breaking
down a complex problem into smaller ones allows to make them individu-
ally easier to understand and solve. In this thesis, this is illustrated by the
division of the ECG arrhythmia classification system into several analog
or digital circuits, or by an mHealth application broken down into wear-
able sensor systems. While this approach is very effective and has allowed
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to build very complex technological ecosystems, it also has its flaws. The
division of a larger system and the abstraction of its components often en-
tail some assumptions and simplifications. Optimizing a component of a
larger system on its own, without considering the implications of includ-
ing it into the system, may lead to suboptimal or non-functional solutions.
These issues may arise from the improper specifications of target perfor-
mance, or from unexpected interactions between components. The consid-
erations at the lower levels are thus often decoupled from the issues that
arise at a higher hierarchy level. Additionally, as the technologies become
more complex and the design teams grow, these issues are amplified in
practice when different people handle separate levels of abstractions.

As the approach proposed in Chapter 4 tries to overcome these limita-
tions and allows to bridge the circuit and system abstraction layers to op-
timize the power consumption, one may wonder how this framework can
be expanded to include environmental sustainability aspects in the eco-
design of wearable systems. This objective is however not without its chal-
lenges. As a first step, additional specifications for the system design could
include environmental metrics. On top of existing circuit objectives such
as power consumption and accuracy, or system objectives regarding safety,
cost or comfort, new targets such as GHG emissions or raw material intake
could be considered. These new metrics would therefore allow to include
considerations for the direct impacts of the device into the design process.
However, as previously reported, the evaluation of these environmental
metrics is not straightforward. Exhaustive environmental assessment such
as LCA is a tedious and time-consuming process. Simplified models re-
quire characterization data which is still hard to come by and often suffer
from significant variability [27].

However, as seen in Chapter 5, environmental impacts of wearable de-
vices extends much beyond the direct life-cycle impacts. The translation of
the indirect enabling and structural impacts for these applications across
the abstraction hierarchy is still out of reach for several reasons. First, en-
vironmental sustainability involves many indicators which do not evolve
in the same way. A design that minimizes the carbon footprint may gen-
erate more waste or require more non-renewable resources. Secondly, the
methods for evaluating the indirect impacts are not yet mature due to the
complexity of the relationships between the device and its effects in the
society. The LES framework, which is proposed as a way to evaluate sys-
temic impacts of mHealth, only explores the possible outcomes, but does
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not provide any quantification of the impacts. Furthermore, the indirect
effects of the devices are highly variable, which creates a lot of uncertainty
for their quantification. Thirdly, while the design of a wearable device is
only performed once, it can then be used in a variety of contexts, which will
have distinct implications for the environmental footprint due to political,
economic, geographical or cultural differences. For example, while a given
telemedicine service can be implemented in different parts of the world,
the environmental benefits strongly depend on the locations of the patients
and hospitals. Finally, when systemic impacts are considered, the technical
design of a device is not the only factor influencing its sustainability. The
business model for its distribution or the regulations of the sector are as
important as the device itself. These different aspects will need to be ad-
dressed, first by studying them separately in well-defined scopes and con-
texts, then by combining them in more complex models. All these aspects
require new knowledge and tools, which likely involve other scientific dis-
ciplines. This calls for re-thinking design methodologies, so as to include
interdisciplinary sustainability questions into the engineering practice. As
we face ever more pressing environmental constraints, one such global ap-
proach would help anticipate the outcomes of emerging technologies, to
avoid future adverse effects and prevent technological lock-in situations.
Our role as engineers is not only to design better technologies, but also to
understand and discuss how and when they should be used in order to
maximize their benefits.
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