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ABSTRACT

Cardiovascular diseas€CVDs) are the world leading causef death. Ishome heart
condtion monitoring effectively reduced the CVD patient hospitalization rate. Flexible
electrocardiogram (ECG) sengmovides an affordablesonvenientand confortable in
home monitoring solution. The three critical building blocks of the ECG sensor i.e.,
analog frontend (RE), QRS detector, and cardiac arrhythmia classifier (CAC), are
studied in this research.

A fully differential difference amplifier (FDDA) based AFE that employs-DC
coupled input stage increasthe input impedance and imprav€MRR. A parasitic
capacito reuse technique is proposed to improve the noise/area efficiency and CMRR.
An onbody DC bias scheme is introduced to deal with the input DC offset. Implemented
in 0.35pm CMOS process with an area of 0.405Mmmtie proposed AFE consumes
0.9 at 1.8V andshows excellent noise effective factor of 2.55, and CMRR of 76dB.
Experiment shows the proposed AFE not only picks up clean ECG signal with electrodes
placed as close as 2cm under both resting and walking conditions, but alss tiatain
di st -wave afer dye blink from EEG recording.

A personalizedQRS detection algorithm is proposed to achievan average
positive prediction rate 099.39% and sensitivity rate of 99.21%he useispecific
template avoids the complicate models and parameters usedtimg algorithms while

covers most situations for practical applicatioe detectionis based on the



comparison of the correlation coefficient of the usgecific template with the ECG
segment under detectiofihe propsedonetarget clustering reaed the required loops.

A continuousin-time discreten-amplitude (CTDA) artificial neural network
(ANN) based CAC is proposed for the smart ECG sensor. The proposed CAC achieves
over 98% classification accuracy for 4 types of beats defined by AAMI (heggan for
the Advancement of Medical Instrumentation). The CTDA scheme significantly reduces
the input sample numbers and simplifies the sample representation to one bit. Thus, the
number of arithmetic operations and the ANN structure are greatly dedplithe
proposed CAC is wverified by AVIOES Arocess. d i mp
Simulation results show it can emte at clock frequencies frodDKHz to 50MHz.

Average power for the patient with 75bpm h



ACKNOWLEDGEMENTS

| would first like to thank mysupervisoy Dr. Yong (Peter) Lian, for higast guidance in
my research and the foyear academic lifel still rememberhis warm welcome and
exhaustive introductioat the first time | came herélis smart and patiersupportin my
course studyscholarshipapplication, research, industrial cooperation, anding of
papers,nspired me, promoting the success of this resedifclhinvaluableexperiences
with Dr. Lian opened thscientific study dooof my life.

| would also like to acknowledge Prof.Ebrahim GhafaZadeh and Prof.
Sebastian Magierowskithe member of my supervisor committéEheir important
suggestions and comments on regaarch proposal and topic fothe finalstructure of
this study.

| would like toexpress myhanks to my colleagueEm grateful for the great help
from Zhongxia Shangn each designThe testing arrangememssisted byChen X
facilitates this research; | appreciate his time and eMdithout the \aluable design tips
from Dr. Chundong Wuandlow power design experiences frdor. Xiaoyang Zhang
this research wouldh conduct so smooljn Much gratitudeto the discussions with
Qingsong Xiewho helps improveny algorithmefficiency.

In addition, | would like to express my gratitude to fPiGuoxing Wang for his
supportof testing equipment during mgternship | also like to thank Dr. Yu Pu for his

patient assistance on the ASIC implementation of CAC.

iv



Finally, | would like to thank my family and friendsr their support andoursel.
The encourage of my parentscks out my research anxietieBarties, sports, and many

otheractivities with my friends givene a rich andolourful research life.



[1].

2].

[3].

[4].

[5].

LIST OF PUBLICATIONS

Y. Zhao, Z. Shangand YL i a n,

AA 2.55 NEBupl&adlip CMRR

Differential Difference Amplifier Based Analog Freehd for Wearable

Bi omedi cal

IEEEn Bransastiond oni Biomedical Circuits and

SystemgEarly AccesspPOI: 10.1109/TBCAS.2019.2924416.

Z. Shang,Y. Zhao,

and

Receiver Based on the-pNat h

Y.

Li an, fA Low Power

F i IEEE @ mansadctions on Circuits and

Systems II: Express Brief&arly Access] DOI: 10.1109/TCSI1.2019.2931840

J. Zhang, H Zhang, JXu, Y. Zhao, J Li, G. Hu, J Wang, R Zhang, Y. Lian,

"A Low Energy ASIC for Triplechamber Cardiac Pacemakers with Contact

Resistance Measurementficroelectronics Journalvol. 60, pp. 6574, Feb.

2017.

Y. Zhao, S. Lin, Z. Shang and Y. Lian, "Classification of Cardiac Arrhythmias

Based on Artificial Neural Networks and Continuenslime Discreten-

Amplitude Signal Flow,2019 IEEE International Conference on Atrtificial

Intelligence Circuits and Systems (AICAS$inchu, Taiwan, 2019, pp. 1-258.

Y. Zhao, Z. Shang and Y. Lian, "@&o Generation of HiglPerformance Fixed

Point Multiplier for Artificial Neural Networks,2019 IEEE International

Conference on Artificial Intelligence Circuits and Systems (AICASInchu,

Taiwan, 2019, pp.-b.

vi

F



[6]. Y. Zhao, Z. Shang and tVve QRS Deatentiopn Basddsom OneA d a p
Target Clusteri ng an20l8 [EBE Biomédamal Cirouts Co e f 1
and Systems Conferen@oCAS), Cleveland, OH, 2018, pp-4l

[7]. Y. Zhao, H. E. Farag and Y. LianiiDynamic Threshold Algorithm with
Simplified Appiance Identification for Smart Meter Privadcy2016 |IEEE
Electrical Power and Energy Conferenq&PEC), Ottawa, ON, Canada,
October 1214, 2016, pp. b.

[8]. Z. Shang,Y. Zhao and Y. Lian, iLow Power FIR Filter Bank for EEG
Processing Using FrequenBesponseMasking Technique, 2018 IEEE 23rd
International Conference on Digital Signal Process{iP), Shanghai, China,
November 121, 2018

[9]. Z. ShangyY. Zhao and Y. Lian,iRemoval of Baseline Wander Noise in ECG
Signal Using Asymmetrical Frequen&esponséasking Bandpass Filters,

2018 40th Annual International Conference of the IEEE Engineering in
Medicine and Biology Socie({zMBC), Honolulu, HI, USA, July 121, 2018,
pp. 60026005.

[10].Z. He, Y. Lian, G. Wang, Z Peng,Y. Zhao, M. Wang and BMeng, A Heat
Rate Measurement System Based on Ballistocardiogram for Smart Fueniture,

2018 14th of the biennial Asia Pacific Conference on Circuits and Systems

(APCCAS), Chengdu, China, October-26, 2018.

Vii



[11].Z. ShangyY. Zhao and Y. Lian,iAn APWM Controlled LLC Reswoant
Converter for a Wide Input Range and Different Load Conditid23]17 IEEE
12th International Conference on ASI8SICON), Guiyang, China, Oct. 288,

2017, pp. 60&11.

[12].Z. Shang,Y. Zhao and Y. Lian, "Low Power FIR Filter Design for Wearable
Devices using Frequency Response Masking Techniq@®§17 IEEE 12th
International Conference on ASIASICON), Guiyang, China, Oct. 253,

2017, pp. 51619

[13].Q. Xie, M. Wang,Y. Zhao, Z . He, Y. Li, G. Wang,
Personalized Bedb-Beat Heart Rate Detdon System  from
Ballistocardiogram f or IEBEn&@ransactidai®oame App
Biomedical Circuits and Systenpssibmitted.

[14].Y. Zhao, Z. Shang and YL i an, i Anven Patienh Specific ANN
Cardi ac Ar r hy tBEEEWTransa@idona aBomddicaé Circuits and

Systemsunder preparing.

viii



TABLE OF CONTENTS

N 6511 = T PP PRSP PP PRRPP R PPPTPPRPPP ii.
ACKNOWIEAGEMENTS.... .. eeme e et e eenees iv
LiSt Of PUDICALIONS.......ccoiiiiiiiiiiie i iieeii e smeee e e e e smmme e V]
TabIE Of CONENTS. ...ttt e s amme e iX
LISt OFf TADIES ...t eenr e e e Xiii
LISt Of FIQUIES....ceieeeeeeee s et eerre s e e e e e e e e e e e e e e e s e eneaeeaeaaeeeees Xiv
IS o AN o3 {0 )Y/ 2 £ P Xix
CHAPTER L INTrOTUCTION. ...ttt et e e e e e e e e nnnans 1
00 R |V 0] 1) V7= (o] IO PP PP PP 1
1.2 FIEXIDIE ECG SENSOL......coiiiiiiiiiie e ieeeii et rmmee e e e 5
1.3  Existing Issues in the Designing of Flexible ECG Sensor........................
1.4  Objectives of ReSearCh..............uuiiiiiiiceee e, 11
CHAPTERZ2 Review of EG Interface for Wearable Applications..................ccoovvvee. 13
2.1  Brief Introduction of ECG Signal Analog FreBind..................cocevvvivieennnn. 13
2.1.1 Design Challenges for AFE..........oooiiiiiiiiiiee e veeme e 14
2.1.2 Resistive Thremplifier AFE...........ccoooiiiiii e 22
2.1.3 AC-coupled Pseudo ResSistor AFE.............oiiiiiiiiieeee e 23
2.1.4 DC-coupled Pseudo ResSistor AFE.............ooiiiiiiiiieeee e 28
2.1.5 Chopper StabilizatiQn.............uuuuiuiiiiieeei e 32



2.1.6 Differential Difference AMPHfier.........cooiiiiiii e 34

2.1.7 SUMMAIY DAFE ... oot 35
V2 O 1 5 S W o [ =T o 1o ] o SR 37
2.3  Machine Learning based Cardiac Arrhythmia Classification.................. 42
2.4 SUIMIMAIY . ..cciiiiiiiiiiiiiee e eeeee e e e e e e e e e e s anemas s s e e e e e e e e e e e e eeeeensnnrnnneeeeees 46

CHAPTER3 A 2.55 NEF76dB CMRR DCCoupledFDDA AFE.........ovviiiiiiiiiiiiiiene, 47
3.1 FDDA DC-coupled AFE........cooo e 48

3.1.1 FDDA Instrumentation AMplifier.........ccccooiiiiiiiiiiceeiiiiiiiieecieeeeeeeee .. 48

3.1.2 Backto-back Connected Pseudo RESISIOL..........c.cvvvvveeiiiemiiciiniieeeennn 52

3.1.3 On-body DC BIaSINg......cceeeiiiiiiiiiiiiitieeee s eeeee b 54

3.1.4 Design Considerations of Proposed FDDA.............uuueiiiiiiimeeiiiiieeeenen. 56

3.1.5 NOISE ANAIYSIS.....cciiiiiiiiiiiiiiittieeer e eeees bbb eeaeaeeaeas 58

3.1.6 Layout of Large Size Input TranSIStar...........coooeviiiiiiiiccceeeeeeee s 61

L7 P G A et ——— e 62
3.2 SIMUIAtioN RESUILS......cooiiiiii et 63
3.3 Measurement RESULLS............uuuiiiiiiiiiiireeiiiiiiiiii e e e 67
I O o] 1111 o] o F PP PP PPRT 73

CHAPTER4 Personalized QRS Detection Based on One Target Clustering and Correlation
(@0 ] 1 o3 = o | SRSy £ |

4.1 User Adaptive DeteCHiQI..........uuuuuuiiiiiieieceeeriiiiee e e e e e e e e e e e e veeeee e e e e e eaeeaes 75



A.1.1 Peak DeteCHION. . e e e 77

4.1.2 One Target CIUSTEING.........uuuuuumiiiiiiiiiieeeiiiieeiee et e e e e e e e e 78
4.1.3 Correlation COeffiCIENL.........ooiiiiiir e e 82
4.2  Adaptive Thresholding..........coooeoiiiiiiiiiiie e 34
4.3  EXPeriment RESUILS..........ccooiiiiiiiiiiieee e 38
4.4 CONCIUSION ..ot et eeenss e e e et e e e e e e e e e e e emmeee s 91
CHAPTERS An Eventdriven Patient Specific ANMCAC.........oviiiiiiiiiiiieeeee 93
5.1  Data PreparatiQn...........oooeeeoiiiiiiieeeee e 94
5.1.1 1dentity OF ECG.....oueiveeeeeeeeeeeeeeeeeeeeeeeee e enmes e a5
5.1.2 Conditional Data Grouping Scheme (CGS).......cccuuuurrmieiiiinemrriieeeeeen. 97
5.2  Proposed CTDA ANNCAC. ... eeteee e 99
5.2.1 CTDA vs Nyquist Sampling.......ccceeeeimiiiiiiiiiicme e 100
5.2.2 Processing CTDA Simal for ANN-CAC ..ot 102
5.2.3 Topology of Proposed CTDA ANICAC........couiiiiiiiiiiiiiiiiieeeeeeeen 104
5.3  Design ConSIderations. .........ooooiiiiiiiiiieemee e eeee e 108
5.3.1 SRAM .. e 109
5.3 SP e 110
5.3.3 MURIPHET ..o 112
5.3.4 TOP FSM ..ot 119
5.3.5 FSM for Conditional Accumulation (FSMA)...........ovvvvvveiiiiiiiiieeennns 120

Xi



5.3.6 FSM for Normal Neural Operation (FSMN) ........cccooevviiiiiiiiiiiiiieeeneen. 123

5.4  Training Of ANNCAC ....cuuiiiiiie e eeereee e eeeeeeees 125
5.4.1 BacCKPropagation..........ccciiuuuiiiiiiiimeeniiibiierbeeee e e e e s eeeesseeeeereeeeeeeeeens 126
5.4.2 BiaSed TraiNING ......uuuurimmiiiiiiiiiiiiieeeeeeieeeeeeaaeee e e e e e e e s s s e e e e e e e e e e e e e s 127

5.5  EXPEriment RESUILS..........uuuiiiiiiiiiiiii ettt 129
5.5.1 Verification 0N FPGA......o et 130
5.5.2 ASIC IMPIEMENTALION......ceiiiiiiiiiiiieie i 132
5.5.3 Benchmarking........ccooooiiiiiiiiiiiie e 135

5.6 CONCIUSIONS ...uutiiiiiiiiiiiiiii ettt mmme e eneeas 138

CHAPTERG Conclusions and Future WOrkS..........cccooiiiiiiiieecee 139
6.1  Fulfilled Objectives and Future WOrKS............ccccoivimiimemnnniiiiiiee 139
6.2 Research ContribULIONS..........ccuiiiiiiiiiiiiieee e 144

BiDIOGrapNY....cceeeeiiee e e 146

Xii



LIST OF TABLES

Table 21-1. Minimum requirements of medical grade ECG AFE......................... 20

Table 21-2. Summarize of different AFE used in biomedical sensor interface cir&gits.

Table 33-1. Measured gain for the 9 AFE Chips..........ooovviiiiiiiiice, 69
Table3-3-2. AFE performance comparison with other related works.................... 70
Table 41-1. Pseudo code of proposed one target clustering............cccceeeeviceeennnnns 78
Table 43-1. Performance Evaluation on MHBIH Database..............ccccccoovviieennnen. 90
Table 43-2. Comparison with Other Algorithms..............oovveiiiiicceeeee e, 91
Table 51-1. Heart beat label and corresponding meaning in-BlF ....................... 94
Table 51-2. Mapping of MITBIH labels to AAMItypes............vvvvvveiiiiiiiieeeenininnnns 94

Table 51-3. Statistics of heartbeat number in each record and the proposed.CGS3
Table 54-1. Details of the proposed biased training............cccoeeeeviiieeeiieieeeeeeeee, 128
Table 55-1. Currentsummary at 75bpm heartrate..............ccccceiiiiicceeeiiiinn, 134
Table 55-2. Classification fusion matrix based on simulation and FPGA verificati@s.
Table 55-3. Classification accuracy COMPAariSON.........cccevvvuuiiieeeeeeeieeeeeeiiieeeeeeenns 137

Table 55-4. Performance comparison with other immpéntations................ccc........ 137

Xii



LIST OF FIGURES

Fig. 1-:1-1. The diseases diagnose expenditures in United States from 2014 t0.2025.
Fig. 1-1-2. Projected CVD cost for different age in USA...........ccooiririiiiieen e 2

Fig. 1-1-3. Conduction potentials at different regions of heart in one cardiac cycle36].

Fig. 1-1-4. Preventive oriented cardiac healthcare system.............ccccoeeeveeeeiccceennn. 5
Fig. 1-2-1. From portable, wearable, to flexible ECG sensar............ccccceeeevieceunnnnnnes 7
Fig. 1-3-1. Block diagram of the smart flexible ECG sensar............ccccceeviiiieccennnnnnnd 8

Fig. 2-1-1. Models of different electrodes: wet Ag/AgCl electrode with MOK
impedance; dry and insulated electrode with Y@ivhpedance; nowontact electrode

with over 200MNVIMPEdanCe [B]......c.uvuueuiiiiiiiieee e eree e 15
Fig. 21-2. lllustration of the 12 ead el ect r o d.e.s.d....p.a.s.i..t..150 n
Fig. 21-3. Influence of electrode impedance to the input signal acquisitian......... 17

Fig. 2-1-4. Block diagram for ECG measurement regarding the power line interference

[B6]. v veeeeeeeeeeeeteeee e et et eeeae et e et e et et e ettt eeeee et ettt ettt et eetee ettt et erone 18
Fig. 21-5. Testbench for ECG AFE measurement [40]-.............cevviiiiiimenivveineeennen. 21
Fig. 21-6. Topology of AFE With DRL [46]-.......ccooiiiiiiiiieeee e 22
Fig. 2-1-7. Two configurations of diode connected pseudo resistor.[52]............... 24
Fig. 21-8. TBA and PGA of programmable Aupled AFE [56]...........cevvveeeeinnnnnn. 25

Fig. 21-9. Comparison of A&@oupled AFE with its variant with passive input resistor

L2010 Gl - 4 SR 26

[ 33



Fig. 2-1-10. Active electrode and negative capacitance for impedance boosting.[B1].

Fig. 21-11. Topology of threamplifier DGcoupled AFE...............cccoiiiiiieeee 28
Fig. 21-12. DGcoupled AFE with baseline stabilizer [66]................ccccciiimeeniinnnns 30
Fig. 21-13. Feedback filter techniques to suppress the DC offset [67]................ 31
Fig. 21-14. Operational principles of CS amplifier [79]...........ooooiiiiiiiiimnnnis 33
Fig. 22-1. Atypical ECG PAteIM_.........uuiiiiiiiiiiiiiiieeeiiiiiieeee e 37
Fig. 3-1-1. Topology of proposed FDDBRC-coupled IA...........cccccceeiviiiiiiieceeeeee. . 49
Fig. 3-1-2. Simulated resistance for diode connected PR in FIgr@)...................... 53
Fig. 3-1-3. Simulated resistance for diode connected PR in Figi@®)...................... 53
Fig. 31-4. Onbody DC bias for EEG and ECG MONItOriNgG..........ccceveeerreiiiiicaceeennn. 55
Fig. 31-5. Schematic of profB@d FDDA..........uuuiiiiiiiiiiiii e 57

Fig. 31-6. Simulated integrated input referred noise at different transistor size and bias
(o1 0| (=] 0 ST PP PP T UPPRTR PRI 60

Fig.31-7. Overview of 417&ml 26.3&em..i.nputéltransi

Fig. 3-1-8. Symmetrically placed transiStor Unit.............ccceeeeiiiiimmniiiieece e 62
Fig. 31-9. Topology Of PGAL. ... .o it re e e e e e e as 63
Fig. 3-2-1. AFE transient simulation at different gain..............cccccciiivemniiiinnd 64
Fig. 32-2. Transient current with 8 duplicated AFE at different gain..................... 64
Fig. 32-3. Simulated frequency responses of the proposed AEE......................... 65
Fig. 3-2-4. Monte Carlo simulation of frequency response at minimum.gain......... 66

XV



Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.
Fig.

Fig.

32-5. Noise simulation of the AFE............ooo e 66
33-1. AFE Chip MICIOQraphL ... ...uiiiiiiiiiiiiiiie ettt 67
33-2. Measured AFE frequency response at three different gain settings....68
33-3. Tested AFE CMRR at three different gain settings.............c.cccuvvveeeenne 68
33-4. Measured AFE input referred NOISE...........uuuviiiiiiiiiieeeiiiiiiiiieeeieeeeeeee 69
3-3-5. Analysis of harmonic distortion of the Proposed AEE...................cc...ce 69
3-3-6. Monitored ECG signal using the proposed AEE............ccccooiiiiicceeeennn. 71
337. Acquired EEG with di st.i.nc.t..U.78
3-3-8. Results of hour ECG reCcording...........eueeeeeeeeeeeiiiieemieeeeeeeeeeeeeeeeeeeennnnaa 2
4-1-1. Diagram of proposed user adaptive QRS detection algorithm............. 75
4-1-2. Diagram of the proposed one target clustering............ccccccoeevveeevveeen . 79
4-1-3. Extracted normal and PVC QRS template by OTC............cccooviiiiieen. 81
4-1-4. PCC values on record 208 with baseline drift and PVC distortions.....384
4-2-1. Diagram of adaptive thresholding.............cccuveeiiiieemiiiiiiiiiiiiieeeeceeeeee e 85
4-3-1. GUI of the implemented QRS detection in MATLAB...........cccccvviiennne. 89
51-1. lllustration Of ECG ideNTitY.......uuriiiiiiiiiiiiiiei e mmme e 96
52-1. CTDAVS Nyquist SAamMpling [177]e...cceeeeeiiiiaieeiiiiiiieeeeeeeeeeees 100
52-2. Topology of CTDA ECG SENSOL.......ccceeiiiiiiiiiieeee e 103
52-3. Mapping of LGADC output and adjacent RR intervals to ANDAC input.

XVi

ompone



Fig. 52-4. Topology of the proposed patient specific CTDA ANRC.................... 105
Fig. 53-1. Operational principle of SRAM. ...t 110
Fig. 53-2. Timing of cuStoMIzed SPL...........coiiiiiiiiiiiieeee e 111

Fig. 53-3. Generated PP for 4t unsigned multiplicand and signed multiplier....114

Fig. 53-4. Radix4 booth encoding diagram............ccccoovviiiiiiccce e 115
Fig. 53-5. Delay reduction with rearrange of input order..............cccuvvvvvieeecuvnnnnee. 115
Fig. 53-6. Rearrange the position of HA in TDM multiplier..............ccccovvvivieennn. 116
Fig. 53-7. Structure and pipeline data flow of the customized plidti................... 117
Fig. 53-8. Transition diagram for top FSM...........cuuiiiiiiiiiiiiieneeeee e 120
Fig. 53-9. Data flow Of FSMCA. ....oeiiiiiiiiiiieeee e 121
Fig. 53-10. Transitiordiagram for FSMCA. ...t 122
Fig. 53-11. Transition diagram for FSMIN. ..........ccccomiiiiiiiieeeiieeeeee e 124

Fig. 54-1. Comparison between conventional training and the proposed biased training.

............................................................................................................................. 129
Fig. 55-1. Implementation verified on PyAe board...............ccooviiiiiiiiceecc e, 131
Fig. 5-5-2. Resource utilization on AtHX FPGA verification.........c.cccceeeeeeiiiiiiiceee. 132
Fig. 55-3. Power statistic for the FPGA implementation at 2.5MHz................... 132
Fig. 55-4. Layout and performance summary of the proposed CTDA AMXC......133

Fig. 55-5. Simulated classification speed and power peaks at different clock frequency.



Fig. 55-6. Energy summary at 25MHz and 10KHz for 75bpm heart rate............ 135

Fig. 55-7. Classification accuracy details on each records in none (N) graups..136

Xviii



LIST OF ACRONYMS

AAMI Association for theAdvancement of Medical Instrumentation
ADC Analog to digital convertor

AFE Analog frontend

AFE Analog frontend

ANN Artificial neural network

ASIC Application specific integrated circuits
BT Biased training

CAC Cardiacarrhythmia classifier

CGS Conditional grouping scheme

CMRR Common mode rejection ratio

CNN Convolutional neural network

CPA Carry propagate adder

CSD Canonical signed digit

CTDA Continuousin-time discreten-amplitude
CvD Cardiovascular disease

DDA Differential difference amplifier

DRL Driven right leg

XiX



ECG Electrocardiogram

EEG Electroencephalogram

FA Full adder

FDDA Fully differential difference amplifier
FN False negative

FP False positive

FSM Finite state machine

HA Half adder

1A Instrumentation amplifier

LA Left arm

LC Level crossing

MBE Modified booth encoding

ML Machine learning

MLII Modified limb Lead Il

NEF Noise efficiency factor

OTC One target clustering

PCB Printed circuits board

PCC Pearson correlation coefficient
PD Peak detection

PGA Programmable gain amplifier

XX



PMU

PP

PR

PVC

RA

RelLU

RMS

SE

TDM

THD

TP

VCS

WHO

WPD

Power management unit
Partial product

Pseudo resistor

Premature ventricular contraction
Right arm

Rectified linear unit

Root mean square
Sensitivity
Threedimensional reduction
Total harmonic distortion
True positive

Vertical compress slice
World Health Organization

Windowed peak detection

XXi



Chapter 1
| ntroducti on

Cardiovascular diseasgCVDs) are the world leading cause of deatBarly detection
helps improving the life quality of CVD patientsln-home monitoringprovides a
convenient and affordable solution for the CVD symptometection. Wearable
electrocardiogram (ECG) sensis one of the bestandidatesfor in-home heart
monitoring Flexible ECG sensor is thettue of the wearable ECG devices because of its
norrinvasiveness fithess, compactnessThis researchaims for the design of critical
building blocks i.e., analog fronend (AFE), QRS detector, archrdiac arrhythmia

classifier (CAC), for such a flexible ECG sensor.

1.1 Motivation

Diseases thatlated tothe blood vessels, e.g., veins, arteries and capillaries, or heart are
referredas CVDs. It includes coronary heart diseasesolats, congestive heart ligie

and other CVDs that affedardiovascular system [1People withunhealthylife style

such aslack of sleep and exercises, unhealthy diet and eating, addicted drinking and
smoking and high mental stress levalge at higlrisks for the CVDs.

According to the WorldHealth Organization (WHO), CV®arethe number one
cause of death globall2]. An estimated 17.9 million people died from CVDs in 2016,
representing 31% of all global deatl2}. [The direct and indirect costs of CVDs between
2014 and 2015 were $351.2 billion in USA according to American Heart Association

1



2019 StatisticsJ]. The totalamual diagnosegxpenditures from 2014 to 20The to

CVDs are higher than any other major causes from the statistic results of USA in the year

2019, as shown in Fig:1-1 [3]. The number of CVD patients is on the rise due to aging,

leading to the increasing total CVD cost as shown in Fiy2 [3]. WHO predicts that

43.9% of the US population will have some farof CVD and the total direatost for

CVDs will increase to over 200 billion by 203 [3] .

It 6s

in eofalo$R1t2e d

billion direct and indirect cost yearly on CVDs fGanadiansand the number may reach

to $293 billion by 2040 [4]

Dollars in Billions

o

—

2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030 2031 2032 2033 2034 2035

—e-Age 18-44 ~e—Age 45-64 *Age 65-79 —e—Age B0+

Fig. 1-1-2. Projected CVD cost for different age in USA.
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SA node

Atrial muscle

/ AV node -

His bundle
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Purkinje fibres
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Fig. 1-1-3. Conduction potentials at different regions of heart in one cardiac [8]cle

Electrocardiogram ECGQ) is a graph representationof continuously changed
electrical field of theheart and the reflection of the heart electrical activitigds The
generatiorof the ECG can be summarized as (1) initiation of the electrical stirfrolus
sinoatrial (SA) node(2) depolarization and contract of thagrial, (3) depolarization of
atrioventricular (AV) node,(4) depolarization of e ventricle, (5) start of the

repolarization from the epicardial surface of the left ventri@g repolarizatiorspreads
3



inwards to finish one cardiac cycle. The typical potentials at different hgavhrand the
correspondingCG are presented in Fig113 [6].

Early detection and preveati would help managing CV®and improve the life
quality of CVD patients. Detections based on the perdemagning symptoms of CVDs,
such as chest pain, shortne$dreath,andangina are not effective, which are normally
too late for preventive actions and even result the delay of clinical treatwhemtoring
the heart activitigsincluding heart electrical depolarization and repolarizatiamnd
mechanical coméctions in response to the heart electrical sigmats/ides a direct and
timely approach for the detection of CVDs. This is because abnormal heart activities can
be detected in very early stage based on electrocardiogram (ECG). Meanwhile, the
analysisof the heart activities enables the reale monitoring of the heart conditipn
providing sufficient details for further diagnoses. Thus, monitoring of the heart electrical
activities through examining the ECG of the subject is an efficient and effeciydor
preventing CVDs.

Reattime ECG monitoring brings enormous benefits to CVD patidRecent
study shows that the use of home monitoring effectively I@véeart failure
hospitalization rates/[, which not only reduces healthcare cost but mgwoves the life
guality of the patients. A preventive oriented cardiac healthcare system fonredleart
condition monitoring is illustratesh Fig. 1-1-4. The body worn sensors collect vital signs
and send raw data to the data center via body ggt€lvee data center performs data

analysis and detects any potential problems from raw data. If any abnormality is found



and confirmed by doctors at medical center, a warning message is sent to the person
under monitoring and a followp action may takdn such a system, the portable ECG
sensor is the foundation since it collects the raw ECG signal and directly interacts with

the patients

Protable ECG sensor Mobile Device

Diagnostic

Fig. 1-1-4. Preventiveorientedcardiachealthcaresystem

1.2 Flexible ECG sensor

Portable ECG sensor is not something néhe weltkknown Holter is a typical one as
shownat the top of Fig.1-2-1 [8]. It is a 3lead ECG system. However, it hasveral
drawbackssuch adimited usage timelow patient acceptance radee to manywvires and

electrodes and skin irritation caused by additional tapes to get gooded&airode



contactsMoreover, theswing of wires leads ttow diagnosis yield due to the noises and
distortions introduced in ECG recording process, i.e. motion artefacts chydastly
movement. With the advancement teichnology, wearable ECG sensaare getting
smallerandlighter, and producebetter recoding qualityAs illustrated in the middle of
Fig. 1-2-1, the wearable ECG sensornormally is a single lead ECG systei9].
Compared with portable ECG, it is much easier to use, and allowsSmeafteading of
ECG waveform through buiih wireless transmitter and mobile phone. Although it is
lighter than the Holter and requires no wires to attach to chest, the weight afretsctr
and battery still pulls the electrodes causing significant motion artifacts undeeston
condition

Flexible ECG sensors, such aspidermal electronics 1p], are recent
developments that are very thin and comfortable to weashownat the bottom of Fig.
1-2-1 [11], the flexibleECG sensorsre built withbendable breathableand stretchable
thin materials that conform to body shape without losing of function@y. In this
way, the dry electrodes on thiein substrate can beomfortably attached on the chest
leading to better user acceptancéeTrecorded ECGignals have much less motion
artifacts compared to the wearable ones, especially during exevtoseover, the skin
friendly thin and light substrate makes the wearirgflexible ECG sensor almost
imperceptible.Thus, among alltypes of ECG sensorsthe flexible ECG sensas the
most attractiveone since it not onlyoffers reattime high recording quality,high

diagnostic yield, but also the best user experiefidais, flexible ECG sensors are



gaining wide interestamong researchers and cliniciaitsis an ideal candidate fdhe

preventive oriented cardiac healthcare system.

sensor

Wearable
ECG
sensor

Flexible
ECG
sensor

Fig. 1-2-1. From portablewearableto flexible ECG sensor.

1.3 Existing Issues in theDesigning ofFlexible ECG Sensor

As shown in Fig.1-3-1, a typical smart flexible ECG sensor is composed of an ECG
application specific integrated circuitd\$IC), a battery, and electrodes. TR&IC
consiss of an analog fronend (AFE), an analog to digi convertor (ADC), a hearate
detector or QRS detector (QRY, a cardiac arrhythmia classifier (CAC), a power

management unit (PMU), and a wireless transceivgrerformsthe main functions of
7



the ECGrecording 1). conditioningthe ECG signaby the AFE; 2). converting the
analog signal to its digital representations by the AB)Cextracting the heart ratéa the

QRS detector; 4). detecting the arrhythmia beat types b@ Al The AFE performance
directly affectsthe obtained ECG signal qualitfhe QRS detectionis the first step in
arrhythmia classification. In addition, it also provides heart rate information. In the whole
wireless ECG sensor, theireless transmission of raw ECG data consumes most of
power, i.e. more than 80% of total powerd. Thus, the wireless transmission should be
used only if ECG abnormalities are detected by the classiiers, theon-chip CAC

plays an important role in reducing the wireless data transmission. It should be built with
low power, much lower than a weless transceiver, while the classification accuracy is
high so that to reduce the raw ECG data transmission due to false dlhisnresearch

aims to develop thinree essentimlomponentsn ECG ASICfor flexible ECGsensors

/6@ :?;zi)\ Power Source

v

- “ QRS Detector ot
i uﬁmﬁm el e 1

ISITISSE]))
RIUIAYITY

. EFGt. (te Y € Encoder ¢
1sualizanon ) ‘
Transmitter

Fig. 1-3-1. Block diagram of thesmart flexible ECG sensor.
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The design of three main building blocks for flexible ECG sensor faces much
more challenges than the design for the wearable &ivaly, thedry electrodeused in
flexible ECG sensoishows over 10M contact impedancelt affects the recording
guality of the AFE from two aspects: one is the signal attenuation due to the large
impedancgthe other is thelistortioninduced by theskin-electrodeimpedance variation
and mismatch due to the body movemé@iite increase oihput impedance of the AFE
will help boost the input gnal amplitude while minimizingheimpact of variation in the
skin-electrode contact impedance. For example, if the AFE input impedanc&Msti&s
effect of 10MNVis smaller than 1%The high input impedance is albelpful to reduce
the input mismatch and thus improtke CMRR (Common Mode Rejection Ratidd
suppress the power line interferenc&hus, the input impedance greater than \AG3s
preferred for the AFE of the flexible EC£&nsor.

Secondly, thdlexible ECG sensors normally adopt erlectrode approach such
that the electrode can be printed on thin substrate. The use efedtyode introduces
imbalancein skin-electrode contact resistanbetween a pair of electrodastached to
chest. As a result, large powdine noise could be picked up by the AFE if the CMRR is
not high. Furthermore, due to large gain used in flexible ECG sensor (for reason given in
next paragraph), the powkne noise could saturate the AFE.ush a high CMRR of

great than 70dB is highly desired for reducing polver noise.



Thirdly, the portableECG sensor, such as Holter, places electrodes far away from
each other. For wearable and flexible ECG sensor, the distance between two electrodes is
limited, normally within 10cm. For example) a Leadll configurationusing Holter the
two electrodes can be placed at the right and left shouldersligiincegreater thai2cm
where the standard ECG signal can be recortethe case of flexible ECGensorthe
distance can be just 2crihe electrode distance affects the strength of picked up ECG
signal, i.e. the longer the distance the larger the ECG amplifudefore, the ECG
amplitude by using flexible ECG sensor is weaker than the standardirgcolo obtain
clear signal, higher gain and lower noise of the AFE is required.

Whais more, bulky battery is impossibte be integrated to a flexible ECG
sensor Microwatt or nanowatt AFE circuit, QRS detecamd CAC arenecessary fothe
use of tinyon-chip battery The design of ultralow power ECG circista tough task for
two reasons. On one hand, there is a limit on the reduction of the power for an AFE with
acceptable noise performance. An AFE with the best power/noise efficiency should be
desgned for the flexible ECG sensor. On the other hand, the accuracy of the QRS
detector and the CAC should be trustable. Machine learning (ML) algorithms are
required for the confidence afrrhythmiaalerting. However, it is almost impossible to
achieve themicrowatt ML based CAQusing conventional Nyquist based signal flow
calling for innovation in the design of afip CAC.

Last but not leastliscrete components anet welcomed irflexible ECG sensor

because they are difficult to be integrated on thiossate and reduce the reliability of

10



the sensodue to thestretching, bending odeforming of flexible material Ideally, there
should be onlyone ASIC on the flexible substrate. Moreover, the size of AA&#C and

the amount of the footprints should be small dasy integration and manufacturing of
flexible ECG sensorin addition, more discrete components mean larger size and higher
cost. Thus, the flexible ECG sensor should be designed in a cofulpasitegrated way

challenging the sensor circuit design.

1.4 Objectives of Research

This research aims to solve several critical issues in the dessgmsdr interface circuits
for smartflexible ECG sensoas mentioned above sectidtirstly, afully integratedAFE
with gain, bandwidthprogrammabilityshould bedesignedfor the compactness and
robustness of the flexible ECG sens8econdly,high input impedance of the AFE
should be achieved to handle the motion artefactctos®ly located electrodeghirdly,
the ultralow power AFE, QRS detector and CAC have to be implemented faght
powerbudgetof the flexible ECG sensokastly, patientspecific ML based QRS detector
and CAC areessential for the smditexible ECG sensor.

Upon our proposed solutions,eviry to eventually achievean ultralow power,
high performancFE with 1Ginput impedance to handle the dry electroffesst of
existing designs are around 20@), over 5dB CMRR (the stateof-the-art ultralow
power designs shows around 70d8)suppres the power line interferences, over 60dB
gain (most designs presents gain less than 6@dB)d | ess t han 1. 5¢Vr ms

noise(stateof-the-art designs without choppstabilizationshows severad V r msse)
11



to pick up clear ECG signal on shote@rode distangea pas$andfilter covers 0.5
100Hz to filter out unwanted componends robust and simple QRS detector to achieve
99% heart beat detection accuracgn ¢ W mac hi ne | earning bas
classification accuracy of over 95%he goal isto implementa fully integrated,
intelligent ECGprocessingASIC with tens ofe Wpower and less than 2mrareafor
flexible ECG sensor.

The thesis is organized as follows. After the Introductionpresent the literature
review and the current reseaqmiogress on AFE, QRS detector and CIAChapter 2.

In thedesign ofAFE, wefocuson improving the immunity of the moticartefact
and reducing power consumption without too much sacrifice of noise and area
performancelnspired by theextremely high inpt impedance oDC-coupledAFE and
reportedhigh CMRR of DDA a simple yet acceptablilly differential DDA DC-
coupledAFE will be presented in Chapter{B5].

For the QRS detectoran userspecific lightweight algorithm with detection
accuracy of over @%b is proposed to handle the diverse of the ECG during practical
prediction, as reported @hapter 416].

A 13.34W patientspecific artificial neural network (ANN) CAC with
classificationaccuracyof over 90%following the evaluation matrix recommended by
Association for the advancement of Medical Instrumentg#éMI) is implemented for
arrhythmia classification The network structure and the optimized multiphetl be

presented in Chapter 5.
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Chapter 2

RevieeWlCAQht efoac&®ear abl e Appl |

AFE, QRS detector, and CAC are three critical building blockarolltralow power
ECGon-Chip that provideshigh recording quality and cardiac arrhythmia classification
accuracyfor flexible ECG sensoiin this chapter, literature revieswof the three blocks
arepresented

The organization of this chapter is as follows. In Section&Hrjef introduction
to IA is presentedin Section 2.2, QRS detémis are reviewedn Section 2.3machine

learning base@ACs are discussed.hesummay is givenin Section 2.4.

2.1 Brief Introduction of ECG Signal Analog Front-End

The quality of ECG signal depends heavily on the analog-&0d{AFE) of aninterface

chip. The requirements includeigh input impedance, low noisejgh common mode
rejection ratio (CMRR)as well as low power. The@e many attempts in the design of
interface chip that satisfies these requirements. In the following, we will present why
these requirements are important for wearable sensor intefigteand hw to achieve

these design goals

13



2.1.1 DesignChallengesfor AFE

The design of ECG sensor interface circuits faces enormous challenges. In this section,
we start with the introduction of skielectrode interfaceand then highlight the
challenges ase result of skirelectrode interface.

ECG signal with the distinguishing feature ebthV amplitude and 0.0%00Hz
bandwidth [X] should be sensed by &E with large input dynamic range, high input
impedance, high common mode rejection ratio, goodenpéformance, ultrbow high-
pass cubff corner frequency to redudmaselinedrift, handlemotion arefact, minimiz
mismatch of the electrode contact impedance, and electrical interfere@lc¢4 L

To transport the bipotential,electrode should badopted to connect the body to
the frontend AFE [20]. The commonly used wet electrode, e.g. silver/silver chloride
(Ag/AgCl) electrode, presents simplicity, good signal stability/quality and low cost. It
was once a prevalent choice of physicians. Howelgting prolonged recording<2[l],

[22], the wet gel of the electrodebrings drawbacks(l) the gel has to be reapplied to
keep the signal stable during the letegm recordings [3], (2) preparation of skin should
to be carried out to imprathe interficial impedance H, (3) the use of electrolytic gel
can cause inflammations g [26]. Recently, dry electrodes TR[29], insulated
electrodes30] and noncontact electrodes3]], are studiedo improve the signal quality
andthe user acceptance. Biecal models of skirelectrode interface for different kinds
of electrodes are summarized in R2gl-1 [32]. Generally, the interface can be taken as a

series of R@&lements with finite impedance
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The source signal of an ECG recording system anposed of ECG
electromyography (EMG)skin potential and polarization potential coming from the
induction of electrode interface with DC current. Besides the unwanted source signal,
ECG is simultaneously sliorted by the instrument nojsthe electric ad magmatic
interferences brought by the powigre, radio frequencyand body movemen¥hen the
muscle cells at the placegpot are electrically or neurologically activated, electric
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potential generated by those activations will be added in serie€E®@ To obtain an
excellent ECG recording during the excise recording;led® diagnostic ECG is
proposed [3]. The recommend tRad positioris shown inFig. 2-1-2.

It is commonly agreed by physiologists that skin potenaalesfrom -70mV to
10mV at satic state [8]. Thakor and Webster hypothesized titais induced by the
difference of metabolic activity between the dead cells lying in the stratum corneum layer
and the cells lying in the stratum germinativum layé].[8Vhen stretching the skin, the
skin potential increases by several millivolt$][3The deformation of skin during an
ECG recordinge.g presfng, squeeing or stretcing, changes the initial skin potential.
This deformation drifts the baseline of recorded ECG, leading to unreadafdded
recordings. Not only skin potential but also skin impedanceatians during the
movement [3] distort the ECGThe distortions are called motiondacts. In the early
ECG monitoring system, cable movement is @sause of motion astact [36], which
can be easily solved by shielding the cable. The motiogfaattintroduced by skin
deformation can be dramatically reduced by using dry electrodegardact electrode.
High impedance is the common feature of those electrodes. To reduce theigmail
attenuation anccommon mode interferencete input impedance oAFE should be
extremely high.

As shown inFig. 2-1-3 for a low frequency case, one electrode has a mismatch of

PZ compared wit h g Assuntng the twanpueiropedarnce & theZ
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designedAFE are finite and equivalenty ; , the differential input referred to common

mode AC signalw , can be derived as

CHr O ® , . (1))

This phenomenon that the differences in skin/electrodes impedance and/or
common mode input impedance convert¢bexmon mode signal into differential signal
i s called as 6 p 8imiarytwiyathe diffdrentialdnput referred t@toet 6 .
original differential inputVy is determined by

AN — (2-1-2)
It indicatesthe desired differential signal is attenuated by the finite impedand&Bf
For a typical dry electrode composed of conductive graphite that lightly impregnated with

al umi num, it features with 17]. Boegvaganteertnp e d a n c

attenuation less than 1% of the original differential input, the input impedance should be
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|l arger than 10 times of the electgogde i mp

much larger tha#e. So @-1-1) can be approximately rewritten as

R y

(2-1-3)

Thus,the inherent CMRRzdecided by the input impedance is given as
#- 29 i (2-1-4)
h

Commonmode AC signal generated by the motantefactcontributes to part of
Vceum, meanwhile there ianother portion coming from the power line interferendes
modeled by 38], the block diagram is illustrated fig. 2-1-4. The total interferences
composed of the interference current through body, the interference current into the
amplifier and the interference current into the measurement cableght-leg driven

(DRL) circuit is required taelax the interference.

mains power

R T

T Ceb CsupT l

Cpow

instrumentation isolation
amplifier amplifier

> ),

amplifier common I

CisoF 8 isolated

non-isoluledT

Fig. 2-1-4. Block diagram fo ECG measurement regarding the power line interference
[36].
If we assume the electrodes with zero impedance, then the interference appears at

the output due to the common mode AC is purely determined by the CMRREOfAS
18



discussed in39], the total BIRR of a cascaded system is produced by the combination

of each stages, whigk given as

(2-1-5)

y

To achieve high systerf@MRR, both CMRRz and CMRRa should besufficient large
Practically, one of thsewill be a limiting factor. CMRR, is mainly determined by the
architecture of designedlFE and the mismatch of the componenighile for CMRRy,
we can utilize 2-1-4) to calculate inherent CMRR by applying the interferencécy
(coming from motion arteict and power line interference) and the mismatch of electrode
impedanceOnce the mismatch ariy are settled, CMRE can be effectively reduced
by increasg the input impedance dhe AFE. So it is an effective way to achieve a
proper CMRR by setting moderate CMRR of AFE, and an extremely high CMRR
achievedby extremely highAFE input impedance. Therefore, no matter handling
motionartefactor suppressingower line interference, high inpimpedance is one of the
key performance indicators in a high performance EARE design.

Input DC offset is another challenge in the EEEE design.When the electrode
contacts with a conducting medium like electrolyte, a polarized potential will be observed
at the boundary region.his phenomenon is called as the electrode polarization. DC
offset appears due to this polarization. According to the British and American standard
IEC 606012-47:2001and ANSI/AAMI EC38:2007, the ECBFE should have the

capability to deal with maximum -800mV offset §0], [41].
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Tradeoffs among noise, power dissipation and aaeaanother challenge. The
neverstopping pursuit obetter user experience leadsth® development ohearzero
powerECG sensors with tiny battery or energy harvestg). Mhenthe power budget of
a CMOS amplifier comes to nanoyaflicker noise(or 1f noise)could take ovethe
thermal noise to dominate thetal amplifier noise which is especially severfor low
frequencyECG signal [43]. The dominatng flicker noise limits the minimum detectable
signal [4]. It can be effectively reduced by either using auxiliary technique like chopper
modulation or using largeize PMOS input pairsthe reduction is at the price of either
large area ormore power So how to reduce the flhoise at the lowest power and
smallest areahould be considered

Table2-1-1. Minimum requirementsf medical grad&ECGAFE.

Requirement Range Unit Standard
Input Dynamic 10 mvV pv IEC 606012-47
Range
Electrode Offset 300 mV IEC 606012-47
Input Impedance >10 Mq IEC 606012-47
60 (5060Hz) dB i
CMRR 30 (100120H2) dB IEC 606012-47
. Error<10 and %
Gain Accuracy Amplitude<#10 W IEC 606012-47
Gain St2a4br:llty over <3 % IEC 606012-47
Noise <50 Y4 IEC 606012-47
Error<5 and %
Crosstalk Amplitude<0.2mV W IEC 606012-47
0.6740/50 or Hz
Frequency Respons 0.0555 Hy IEC 606012-47
Timing Accuracy <30 over 24h S IEC 606012-47
Temporal Alignment Error<20 ms IEC 606012-47
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Table2-1-1 summarizeshe minimum requirements for an EGXFE [40]. Those
requirements focus on the performance to guarantee thsiema response (time
accuracy) frequency response, electrode polarization, interferences (CMRR, input
impedance) and the crosstalk from theldé@fation. Also the recommended performance
testbench for the AFE is given Kig. 2-1-5. The recorder and the entire test circuit are
shield by wrapped foil to earth. The electrodes are shield by the common mode coming
from DRL to reduce interference.h€ capacirs C; between power line and the driven
shield andC, between earth and the driven shield are used to model the power line
interference. The switch controlled battery simulates the electrodes polarization and a
paral |l el c onne otR, 47nF capacitofClakdga switels imitates the

electrode.

[ Bifven shield around Entire test configuration

Sb |

Electrode Offsértf

-‘- | £300my
Driven shield
connected at S1
-~ this point
= 2] = |5
_.I T ;N Input
100 pF =2
R ‘T
Electrode model .—% nput
o e -]
@ = RECORDER
Line
freq. R °—‘
DJ Input
G sn
R j Input
| DJ Repeal for each
Loculd | \_ input connection
R Reference
Cx ) .
c Driven shield r Foil wrapped
r H . around recorder
(Stray)

Earth reference

Electrostatic mains ™~ | r-sia
coupllng C =47 nF IEC 5101

Fig. 2-1-5. Tesbenchfor ECGAFE measuremerjéQ].
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In summary, high input impedandeigh CMRR, low input DGoffset, andhigh

power/noise/area efficiency ameain design challenges AFE.

2.1.2 Resistive ThreeAmplifier AFE

In the early stage, the A€upledAFE with threeamplifier and gain ratio resistois the
bestchoice[45]. However, here are three drawbacks. First, power line interference is
distinct due to poor CMRR. Secorafk; off-chip capacitors areequiredfor subHz high
pass cubff frequency because of thegVlimit of on-chip gain ratioresistor. Lastthe
resistivefeedback contributes extra thermal noise.

The Rightleg driven (DRL) circuits is commonly used to addrése CMRR
issue of the threamplifier AC-coupledAFE. The overall topology of aAFE with DRL
is simplified inFig. 2-1-6 [46].

from left electrode Signal Amplifier
Zleft F F

S from ri?ht electrode EKG Output
Z-r'é.ghr. ;’,/

Zi"rr.. . pn
! CMFB Amplifier
V60 H 2 Zgnd |-t
to active grounding + Reference
electrode

Fig. 2-1-6. Topology of AFE with DRL [46].
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The parasitic input common mode signal introduced by the power line is
determined by the coupling impedance between the power line and Zgdynd the

grounding electrode impedan@,qas in ¢-1-6).
0 0 _ (2-1-6)

Introducing the active grounding electrode a&im 2-1-6, the impedance of grounding
electrode is attenuated by a factor oAlef whichA is the loop gain. Then the is

effectively reduced to the value

0 V— (2-1-7)

The active grounding islsocalled as DRL.

2.1.3 AC-coupled Pseudo Resist&E

To remove theoff-chip capacitorin the resistive threamplifier AFE, Gq feedback
resistor is necessarilowever the offchip pasive Gq resistoris quite expensive The
study of ARadaptive el emento that t 4k e s
enables orchip Gq resistor

Inspired by the adaptive elementiti@ors of @8], [49] proposed the subthreshold
biased transistors to achieve hundred$qf pseudo resistofPR) and B0] applied the
diode connected transistor with 5 . 9 régjstance orthe biomedical amplifiers to
achieve the lovhigh-passcut-off frequency for the firstitne. After the typical topology
of the PR AFE reported in[51] for neural recording froreénd, PR has been widely used

in biomedical signal acquisition system.
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(a)

L ]
o LTTE IO,

Fig. 2-1-7. Two configurations of diode connected pseudo regiSg&r

Sixteen different passivpseudoresistors and their corresponding resistance are
studied in [2]. It is demonstratethatboth ofdiode connectedseudaesistos as inFig.
2-1-7(a) and Fig.2-1-7(b) shows over 20d under small amplitude cross voltagg.e.
0.15V. When the voltagacrosshe pseudo resistor reach to 1.5V, configar&ig. 21-
7(a) remains over 20d while configurein Fig. 21-7(b) drops down to 100ll. As the
output swing in PGA stage may has +tadrail property adoption ofFig. 21-7(b) in
PGA would introduce large notinearity. Fig. 221-7(a) is a simple yet @nsistent choice
in AFE.

A typical AC-coupledPR AFE is composed of a low noise amplifier (LNA),
feedback capacitors, and diode connected [BEBs Thanks to the owhip Gq PR, t 6 s
eay to achievea fully integratedAFE with sub-Hertz high-pass cubff frequencyusing
pF capacitorsDue to the limit of the output headroom of thA in [51], the noise
effective factor (NEF) carot lowerthan 2.9. To address the issue, tiygped voltage

follower (FVF) based OTA was proposad[53].
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To achieve programmable gain and bandwidtinable bandwidth amplifier
(TBA) connecing with programmable gain amplifier (PGA) are adopted 54]{56].

The TBA and PGA used irb§] are given inFig. 2-1-8(a) andFig. 2-1-8(b) respectively.

| Viref 1 .
Vetrliop! = (Vout = V1) : : f'x _i‘ Conventional
Verigt)2 = (Vret =V2) = "‘l’l M3 V2 ’T[ oo I G PGA
v | 1i
:vﬁ’s‘”iv;&'”:‘]vﬁﬂ[f‘ v&‘”iv&':‘”iv"‘”i 1
1 1
Lo o o o o o o e e e e e e e e et e N—
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Differential I Vou \bias Vin II
| -

Input D_{ +g"’ } { Jl e : Vout
c1 - Vois "" Vb _| Von &m
vzn-E E—{ g E" g é_( + CLII

Cirlupra Clriierz Cirnprr

Pmpusr:di
Sx1,- PGA |

1
1
1
1
1 ]
oul | I R R » I
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e I-;, T ex voo T oo _@'L[J_"F_E,_ !
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GND Vight I i im e e |
(a ()

Fig. 2-1-8. TBA and PGA of programmable Afupled AFE56].

The highpass cubff for the TBA inFig. 2-1-8(a) can be either changed by adjust
Cyoor pseudoR. AsC;al so contributes to the overal/l
pseudar via the change of the bias voltage. The currents passed through M3 and M4 are
tuned by the gating signal Gigb;, Ctrlgep, and Ctrlieps For a symmetrical wave across
the biased geudo resistor consisting of M1 and M2, M1 and M2 will alternatively

activate in each of the half cycle. This presents a symmetrical tunable pseudo resistance
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which eliminates the signal distortionemparingwith the single biased unbalancB&
used in 4], [55].
Fig. 2-1-8(b) takesthe offstate switch resistancBy into consideration The

transfer function for the PGA is given by

Oi — 3—7 (2-1-8)

As C,is in picofarad range anfg is comparable to 6 ohm, the noroverlapping pole
and zero will distort the high pass band. The-flyercapacitor scheme shown at the
bottom of Fig. 2-1-8(b) eliminates this distortion by excludirg out of the feedback
loop through using the switetontrolled capacitors.

Though theclassicalAC-coupledPR AFE inherent rejects the DC drift, their low
input impedanceas notgoodfor handling motion artefacfwo main technigques can be
applied to AGcoupledPR AFE for boosting the input impedance: passive input resistor

network [57] and input positive feedba¢k8]-[65].

Fig. 2-1-9. Comparison of AGoupledAFE with its variant withpassive input resistor
network[57].
The bias resistoR; in Fig. 2-1-9(a) is replaced by the series connected resistors

R, and R% coming from the input terminals Fig. 2-1-9(b). Therefore, there is no DC
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path to ground seen by the common mode signdlthugshe common modeesistances

enhanced over 100¢/1[57].
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CINT -Cint 2G(s) = ~0°

Fig. 2-1-10. Active electrode and negative capacitancenfgredance boostind1].

Utilizing the feedback circuits, active shielding or active electrode and the
negative capacitance are proposed to boost the input impedance #sGn Fig. 2-1-
10(a) [61], theactive electrode keeps voltage across the extparaliticcapacitances
constant Assume the open loop gain of the amplifier in the unity gain bufféy,ishe
CextWill be reduced tdCe,/(1+ Ay). The negative capacitance generated from the positive
feedback circuits is given iRig. 2-1-10(b). In the circuits,G(s)is designedvith constant
amplitude in signal padsand such thatthe generated impedance is frequency

independentThe transfer function ifig. 2-1-10(b) is given as

0 (2-1-9)
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Where, theCyt is the internal input capacitance to be cancelled, andGh€G(s)-1) is
the generated negative capacitance. The negative capacitance is designed to the value
Cint to achieve the extremely large input impedancerep®rtedin [62], the impedance

can be as large as 40QG

2.1.4 DC-coupledPseudo ResistoAFE

Complex impedance boosting is essentiaknhance the input impedance tbe AG

coupledAFE. However, he positive feedback suffers stability isstieisexternal tuning
capacitor [@] or complicated auto tuning circuits arequired[61]. The feedback
amplifier and the tuning circuitalso consumeextra power and area.Since the input is
directly connected to the amplifier transistor g&€-coupledAFE provides a simple
way to improve the input impedancé&.here are several attempts for 2Gupled AFE in

recent yearf45], [66]-[69].

Fig. 2-1-11. Topology of threemplifier DGcoupled AFE.
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The typical topology of a D&€oupled pseudo resistiFE is illustrated inFig. 2-
1-11[66]. The circuit topology is quite similar with titareeamplifier topology except
that all the resistors are replaced by the capacitorsliaae connected®R (as inFig. 2-

1-7). Since it is DCcoupled, the input impedance is inversely proportional tarthet
transistor parasitic capacitance of tbe/ noiseamplifier (LNA). For the picofarad range
parasitic capacitance and siil®OHz operating frequency, the reactance of the parasitic
capacitance should be inqG@evel, which is high enough for the rejexti of potential
divider effect.The input DC biasis providedby the PR It can be found th&FE with

two amplification branchesThe two branches amplify both common mode and

differential signal at the same galkssume the input common mode signabis , and

the monitored bioelectrical signalvg,, then we have

— - — —0 . (2-1-10)

Thus, he CMRRcan be derived as

#-22¢ — — 7 — — . (2-1-12)

CMRR is determined by the mismatch of the gain ratio capaofdise AFE. Since the
threeamplifier topology requires aextra LNA comparing with ACcoupled approach,
the area left for ratio capacitors is smaller than that ofcA@pled one if area constraint
is the sameresultinglarger mismatch andorseCMRR. In [69], openloop DGcoupled

AFE with complicated analoedigital mixed feedback loops are used for the improvement
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of CMRR and noise performance, which presents 75dB CMRR. However, the complex

compensation scheme consumes more power.
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Fig. 2-1-12. DC-coupledAFE with baseline stabilizg66].

Since bioelectrical signals have extremely weak drive capahility input DC
biasfor the DGcoupled AFE is commonlgrovided byGg PRR; as inFig. 2-1-11. It is
worth noting that the bias provided by tRR is unpredictabledue to the leakage.
Furthermore, the leakage of input transistor is not negligible if its size is made large for
better noise performance. This leakage reduces the input impedance to the level close to
the biasPR In such case, the unpredictable biasstaace would produce uncontrollable
input DGoffset Upon this pointa baseline stabilizer is proposed 66][ to the typical
DC-coupledAFE. The circuit architecture is depicted kig. 2-1-12. Once the inpw
encountela sudden unbalance baseline duéhe motion artifact, the drift is detected by
the baseline stabilize©Once a motion artifact event occutise unbalance of the baseline

saturates the PGA output at the movement. The reset action qoicidygthe incorrect
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saturation state badk nomal statehrough shorting the unbalanced input of the PGA to
system DC common mode bias.

Differentfrom the reset method discussed above, to address the issue of DC offset
at the input of D&oupled AFE, feedback techniques with analog filterO[-[72],
analogdigital mixed filter [73], and digital filter [4]-[75], [67] have been reporteéig.
2-1-13(a) shows the topology of analog filter feedback path to cancel the [@7$eT he

integratorcontributes to the following overall transfer function

(o) — (12)

where G is the gain of Al. Whers=0, the overall gain is 0, which means the DC
components are fully suppressed by this feedback loop. A differential version of this
topology is discussed in 2f. For theresponse speed, AR Fig. 2-1-13(a) consumes
large amount of poweiln addition,the feedback loop contributes to extra noise to the

input.

SPIKES

(c) (d)

Fig. 2-1-13. Feedback filter techniques to suppress the DC (63t
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Fig. 2-1-13(b) gives the model of mixed signal filter. TleatractedDC offset
from Vour is fed to a coarse amalfine controlled current source tancel the offset in
the input Both Fig. 2-1-13(c) andFig. 2-1-13(d) present the topolags of pure digital
controlled feedback loop. They utilize the-ghip or offchip low pass FIR or IIR digital
filter (H(2)) to achieve the offset in digital codes format from the output of the ADE.
differencesare Fig. 2-1-13(c) modulates the input transistors width by the fdteicodes
to suppress the offset, whiteg. 2-1-13(d) reconstruct the analog offset from the filtered

codes via a DAConsisting of capacitors array

2.1.5 Chopper Stabilization

In conventional AGcoupledAFE and DCGcoupledAFE, the only way to reduce thef
noiseis to use large gate area input transisidre area is costly and inefficient for the
high surface state densities processts. [Another technique is toselateral bipolar
mode input transistors which $ia reduction of 40dB 1/f noise but resulin offset
between 1 to 10mV7[/]. There are also circuit techniques, e.g., correlated double
sampling (CDS) 18] and chopper stabilization (CS}9], are appliedor the reduction of
1/f noise.

CDS, also called as aum®ro, cancels the 1/f noise by swaloting the sampled
correlated version of the current noise from a previous tidoe. to theresidual noisg
which corresponds$o the foldover broadband white noise and flicker nopidee noise
reduction is limited79]. Another issue of CDS is the inpotitput short action requires

high slew rate to slew the output back and forth in each sampling period. Moreover, the
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speed of the amplifier should be much higher than the sampling frequency. Overall, high

power consumings required.
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Fig. 2-1-14. Operational principles of CS amplifigr9].

The operation principles of a CS amplifier are illustrated-ig. 2-1-14 [79].
Firstly, the input is multiplied by the chopping square wave via the modulator inserted
between input and the amplifier. In this way, the input is modulated to the frequencies
around the odd harmonics of the chopping frequeAéer the secondmodulation, the
outputis demodulatedback to the even harmonics of the chopping signal. However, for
the noise and offset of the amplifier, they are only modulated once by the second
multiplier and hence most of the noise and offset power are transgortée odd
harmonics of the chopper square waves as illustrated by the second noise waveform in
Fig. 2-1-14. Lastly, after the low pass filter, main signal pousrecovered whilel/f
noise and offset poweareremoved To avoid the signal alias due tcetkkhopping, the
chopping frequency should be higher than twice of the signal bandwildt.the gain
of the amplifier at chopping frequency should be higher enough to guarantee the designed
amplification, so the cubff frequency of the amplifier shoultée higher than the
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chopping frequency. Due to the introducing of the four multiplier switches, extra spikes
(right bottom offig. 2-1-14) are added by the charge injection during the transition of the
switches states, which will result the parasitic noise.

In CSAFE, spikes are introduced by the input modulator. Clock edge staggering
is proposed to mitigate the distortion BO[. In the past few years, many designs adopted
the CS technique in the biomedical sens8H-[88] for the sake of high CMRR, low
offset, and low noise.In [8]1] the basic CSAFE structureis proposed by using the
selective bangbassg,-C cell. To further improve the offsetancellation a DC serve
loop is proposed in [§. To relax the amplifier bandwidth and hence reduce the power
for CS amplifier, [8]-[85] proposed the integrator feedback CS (IFCS). In the IFCS
structure, thalistortiors dueto the swiching of the chopper modulator are also reduced
by subtracting the averaged distortion power from the inpé heterodyne chopper
readout circuits for ECG extraction and QRS complex deteci@n possible[86].
Chopper stabilization combined wi@DS noise cancelling technique has been discussed
in [87] taking common gate (CMG) in parallel with common source (CMS)

transimpedance

2.1.6 Differential Difference Amplifier

Differential difference amplifier (DDA) could be a candidate for the implementation of
high performanceAFE featuring with the inherent D€oupled high input impedance,

circuit simplicity and low power.
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In the past two decades, there are many DDé&r&poredfor their distinguishing
CMRR[89]-[97]. A programmable resistive DDAFE proposed by§9] introduces extra
thermal noiseand extra bangass filter is required for the bandwidth contilso the
offset in this initial DDAAFE structure is not well treatedo eliminating the effect of
the amplifier offset and enhance the noise performance, CS technique has been applied to
the DDA topology 90]. To suppresshe slow changing baselindrift, the AGcoupled
feedbackAFE is proposed in91]. In [92], dual DC servdoop is added to compensate
the baseline drift. AubHz highpass filter, formed by the input parasitic capacitance in
parallel with a PRis introduced to suppress the slow chagdiaseline driff93]. But it
transforms the original differential input DDA into a single ended DDA and thus folded
the utility of the DDA by halfThe twastageAFE that is composed of DDA, OTA and
capacitive feedback combined wiBR was proposed by f to achieve the banpass
AFE. DDA AFE generally shows excellent CMRmR [95], a chopper stabilized DDA
AFE with CMRR of 85dB is proposed for bmotential acquisition. The raib-rail DDA
reported in 96] achieves 137dB CMRR for biosensor. As high1&9dB CMRR is
possible as shown by the simulation resul9if] py using DDA. These results prompt us
to design a simple yet acceptable AFE to address the CMRR issue in thantimldesr

DC-coupled ones.

2.1.7 Summary ofAFE

Characteristicof different AFE structuresfor biomedical sensorare summarized in

Table 2-1-2. AC-coupled AFE shows the lowest input impedance. The impedance
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boosting techniques enhanced thput impedance significantly butquireextra power
and areaThus, AGcoupledAFE with auxiliary circuits, such as impedance boosting and
DC-serve loopijs not the best candidate for the ulioav power flexible ECG interfacing.
DC-coupledAFE shows inherent high input impedance, but suffers poor CMWREwout
chopper, the way to improve theise performance is either enlarging the input transistor
size orincreasingthe bias current of théFE input transistor.With chopper, he
modulator detedratesthe input impedangehe clocking andauxiliary compensation
circuits require the highespower among all topologieS.herefore, DGcoupled AFE
without choppershouldbe the best choice for ulttaw power purposeHowever, the
poor CMRR of thethreeamplifier DC-coupled AFE should be addressefbr the
suppression of power line interferenc®A AFE shows highest CMRR among the
structures without choppe€ombine of DDA with DCcoupling may providea simple
yet acceptable AFEwith high inputimpedance, ultidow power, low noise and
acceptable CMRR

Table2-1-2. Summarize of differemAFE used in biomedical sensor interface circuits.

Anti- Input

Techiniques Power Noise CMRR Area
offset Impedance
AC-coupled H M M M L M
AC-coupled with DGserve loop M M M H L L2
AC-coupled WIFh impedance M M M M H M
boosting

AC-coupled with chopper L H H H L H
DC-coupled M M L L H M
DC-coupled with auto reset M M L M H M
DDA M M H M M M
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*1. Note all the techniques utilize the pseudo resistor to achieve acceptabpabsytut

off frequency and all the amplifier operate in subthreshold regisnfpress noise with

€A current

*2. It may require offchip capacitors to achieve BDggrver loop.

*3. The benchmarks of each technique are indicatedhbse letters: H, M and L
respectively stands for high, middle and low performance

2.2 QRS detecion

As shown inFig. 2-2-1, a normal ECG mainly contains P, Q, R, S and T five waves that
can be further represented by PR interval, PR segment, QRS complex, ST segment and
QT interval for the convenience of the medical analysis. The characteristics of these

intervals, compbe and segments are given bellow

PR Segment
P

VAN

PR Interval

>

I QRS | QT Interval

Fig. 22-1. A typical ECG pattern

P wave: P wave indicates the depolarization of atrial prior to the atrial contraction
with a general positive polarity. The time domain P wave features with an average
duration of less than 0.12s and an average amplitude pi\30the spectrum of P wave
is within 15Hz.

PR interval: PR interval is the duration between the beginning of P wave and the

beginning of QRS complex. It reflects the stimulation pulse transpoiitimg $preads
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from the atria to AV node. The normal duration of PR interval varies from 0.12s to 0.2s
among differenperson A shorter PR interval less than 0.12s indicates a bypassing AV
node stimulus while a longer PR interval more than 0.2s suggdsatst-degreeheart
block.

QRS complex: QRS complex reflects the rapid depolarization of ventricles. Due
to the largest muscle mass of ventricles, QRS complex shows the highest amplitude
ranging from 1mV to 3mV and hence it is commonly used for the autoimeid rate
detection. The normal duration of QRS complex is in the range of 0.06s to 0.12s. The
wider QRS complex higher than 0.12s indicates the disruption of the heart conduction
system or ventricles rhythms $u@s ventricular tachycardia. Bw-amplitude QRS
complex much less than 1mV suggests the pericardial effusion or infiltrative disease
while an unusually high QRS complex indicates the left ventricular hypertrophy.

ST segment: The duration starts from the end of S wave to the beginning of the T
wawe is ST segment. The typical time of ST segments ranges from 0.08s to 0.12s. The
elevated ST segment suggests ischemia while the depressed ST segment indicates the
myocardial infarction.

T wave: T wave represents the repolarization of ventricles and thgatuof T
wave is less than 0.3s. Peaked T wave can be a sign of very early myocardial infarction
or hyperkalemia and the inverted T wave generally suggests the myocardial ischemia,

metabolic abnormalities and etc.
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RR interval: RR interval is the duratidoetween two nearest R peaks. It shows the
time of one entire cardiac cycle and hence stands for the instantaneous heart rate. It is the
critical parameter for the computation of heart rate which is related the heart arrhythmias.
The change of the RR imtal is called as the heart rate variability (HRV) which is
related to the subjectds heart health and

Above mentioned morphology features of the ECG signal constraint the decision
rules ofthe QRS detection algorithnThe study ofQRSdetection can be traced back to
1970s P8], [99). Detection accuracy is the most important performancearly QRS
detectos since the algorithms is designed for ECG machines like intensive care unit
where power is not constrainéhetype of QRS detects can besummarizedcs[100]:

(A) Digital differentiation and filters based methodsdigitalized ECG is
differentiatedto reflect the signal slopfl01]-[103]. As the R peak shows the highest
peak on the obtained ECG derivativaheesholdis used for comparison to decide the R
peak.The main task is to reduce the noise interference and to get the proper threshold.
Nonlinear digital filters, such as multiplication of backward difference4][1were
studied to suppress the noise. Adaptiveeshold was commonly used ¢tynamically
update the threshold accompany with refraction period restrictions that twosheatd
have at leasOOms gap[98]. Those methods are simple yet effective for hardware
implementation.

(B) Wavelet transformbased methods discrete wavelettransform (DWT)

decomposes the ECG waveform into different scdberent frequency components
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are reflected on those scald@$ie local maxima of the decomposedefficientson each

scale represent the position of the signal peaks which is known asitiggilarity
detection [D5]. Pure DWT based QRS detection methods are based on the singularity
detection by finding the local maxima on the decomposed ss¢a06]-[108]. The
implementationof DWT singularity detection based QRS detector can be achieved by
utilizing filter banks [D9]. DWT is not only used as detection method but also as pre
processing technique in the detector e.g., ECG denoj&it)) and feature extraction
[111].

(C) Artificial neural network(ANN) basedmethods Compare with conventional
method, ANN can be trained to mimic any function with extreme nonlinedriig.
detection accuracy and robustnassgenerally better than the handcrafted model based
method [112]. However the training requiredremendouslabeled samples and the
trained network needs thousands of multiplications and accumulafitms, neural
network methods are commonly adopted dsyhythmiaclassification[113] instead of
detection.Neverthelessthere are still reports on QRS detection by using ANN for its
superior accuracy [H], [115]. Besidesclassificationand QRS detectiorthe ANN can
alsobe used fopre-processing.g.separating the noisend QRSon the unusable noisy
ECG signal[116].

(D) Other methods Inspired by other prediction mathematic models, there are
methods such allidden Markov ChailHMC) [117], Genetic Algorithm (GA) [118],

Maximum a Posterior(MAP) [98], Herbert Transform (HT) [119], Shannon Energy
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Envelope [1P], Mathematical Morphology [1H, ZeroCrossing Counts 2] for QRS
detection.Those unpopular methods are either lack of detection accuracy such as the
HMC, GA, and HTor too computation intensiveg., the MAP.

Evaluating on MITBIH database [23], the acaracy of the QRS detector can
easily surpas€99% Thus, currentlylow power design is the main challenge for a-real
time QRS detector implementation

Combining the data compression with the digital differentiattbe, joint QRS
detection is proposed iri24] where the detection accuracy of over 99.6% is achieved
with just 133nW power consumptiofor the detectorECG compression with QRS
detection is davourablechoice for the reduction of power and many other designs took
the similar architecture[125]. The 20.9nW realime evenidriven QRS detector is
proposed in [26] by cooperating with the lewarossing ADC and achieves an over 97%
detection accuracylhe everddriven detectoris a great idea as @ompatiblewith the
stateof-the-art low power ALC design for ECGacquisition where levelcrossing
sampling scheme is adopted the ECGsignal. Using the curve length transform and
WT, the authors of [A7] designed &42nW ECG feature extractor which can extract the
P-wave, QRS complex, andwave of he ECG segments for wearable deviddwere are
many other low power implementatiofis28]-[133] using power efficiensimple QRS
detection algorithme.g. levelcrossing sampling [113 and Wavelet down sampling

[133], andlow power circuits techniquesid as burst transfer and multoltage [13)].
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Except thecomputationintensive ANN based QRS detectiohjs worth noting
that all other existing algorithms try to use predefined parameters or constraints for all
types of patient. That is, to be robust for handling special cases, leading to complicate
models with large number of parameters. Both the diversity of ECG waveform due to the
useb s age, gender , regi on, heart condition
of feature or model based QRS detection algorithms. Not to mention the time
evolutionary property caused by the physical condition variation during-téynyg
monitoring. Rtient specified methods are becoming new tr&odECG waveform
classification 134] and for heart rate detection based on Ballistocardiogra®®][ but
rarely studied in QRS complex detectidnlow computation complexity patient specific

QRS detector i1 need.

2.3 Machine Learning basedCardiac Arrhythmia Classification

Similar with the QRS detector, the design considerations foiCtreliac Arrhythmia
Classification CAC) lies in two aspects. One is the classification accuracy; the other is
theenergyefficiency. Classification accuracy is mainly decided by the selected algorithm
while the energy efficiencyis related to both the algorithm and the implementation
details.

The implementation of ultralow power CAC has been studied for quite long time.
Approaches, running on general purpose processor cores such as M3Bgj3anf
customized RISC corel87], only perform feature extractions by employing simple

algorithms, e.g., quakkvel vector and waveform skeleton analysis, to meet the power
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requirement for ambulatory devices due to the inefficient code execution. For better
processing performance aadergyefficiency, discrete wavelet decomposition/transform
(DWT) and simple machine learning (ML) methasg., support vector machine (SVM),

with low computational complexity were proposed in recent years to achieve CAC
applicationspecific integrated circuits (ASIC)138]-[143]. In [141], pseudo down
sampling wavelet transform and inverse wavelet transform were adopted to detect and
analysis te ECG features. Both architectdexvel and circulevel low power design
techniques, e.g., dynamic clocking and ultralow voltage operation, were used and finally
achieved the 457nW feature extraction processor. However, the classification is still
unavalable. The several tens of microwatt class#iesing maximum likelihoodSVM,

and kh nearest neighho techniques wre proposed to classify two types of cardiac
arrhythmia through analyzing the extracted features from a multivariate autoregressive
featue extractor 138]. To further save power, single ML method is implemented, e.g.,
the 2.78W Bayes classifier with 86% accuracy for the detection of ventricular
arrhythmia [L40], [141] and the classifier with energy dissipation of
48.99nJ/classification1f2] to identity three types of cardiac arrhythmia by utilizing
cascaded SVM with granular resampling and adaptive speculative mechanisia8],In [

a 96pJ/clock classifier was implemented to detect atrioventricular block using the time
domain PQRST compkx features. Due to the limited power budget, those reported
ASIC based CACs are merely able to classify one or two types of cardiac arrhythmia

with acceptable accuracy.
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According to Association for theAdvancement of Medical Instrumentation
(AAMI) recommendation, there are total five types of heart beats i.e., normal beat (N),
supraventricular ectopic beats (S), ventricular ectopic beats (V), fusion beats (F) and
unclassified beats (Q)L44]. Without consideration of type Q, there are one normal and
three abnormal beats should be classified. The {pgHormance CACs with full
classification types and high accuracy are commonly based on deep learning models, i.e.,
artificial neural network (ANN) and its varianf$34], [145]-[149]. Due to the heavy
computation burden, ANN based CACs (ANDMC) run on workstation, coprocessor
and separate accelerators. In order to reduce the computational load while accelerating
the training and classification process, morphology features extraction technique is used
to reduce the input sample numbek4d]. However, the choices of feature are dependent
on specific patients and thus cannot cover the diversity and evolutionary of the ECG due
to the gender, age, region, race, clinic environment, and recording time jpétteets
[149]. To overcome the nemleal performance of a global network, raw patient specific
training data instead of extracted features is adopted to train the netwedcfopatient
to improvethe accuracyl34], i.e. the patient specific network.

Using raw data samples as the input of the network presents better practical
applicability but requires more computational resources since the input number of the
network is much higher than that of selected features based networks. Nevertheless, the
input data volume can be reduced via down sampling and lower resolution -émalog

digital convertor (ADC), which sacrifices part of information. However, there is a limit

44



on the reduction of sample amplitydend the down sampling marginally relaxes the
computaion complexity.Levelcrossing ADC (LCGADC) has been demonstrated as the
best energefficient ADC in dealing with bursty ECG signal&d]-[168]. Different

from Nyquist sampling where samples are evenly distributed on time, th&DI(C
generates continusun-time and discreten-amplitude (CTDA) signal, i.e., the number

of samples is proportional to the slope of the signal amplitude, extracting more
information on fast changing part while less or even no sample on slowly changed or
steady signal segments.

Using CTDA signal flow, the ANN structure as well as the arithmetic operations
of the CAC can be dramatically simplified. To our best knowledge, such a CTDA CAC
has not been studied.

Besides the power consideration, imbalanced datdd lead to poor detection
accuracy.To address the unbalanced issue in the global AMIC, Chazal proposed the
crossvalidation data sets #6] where the 44 records from the MBIH database [23]
are divided into two datasets with same number of recordagprdximateroportion of
beatsby themixture of routine and complex arrhythmthe 50000 heart beats of the first
dataset(DS1)is used for evaluating the CAC performance while the other 50000 heart
beats from the second data set (DS2) is used foAlNN CAC training.In the patient
specific CAC, the network is individuallyained for each record, i.e., each patient has
his own CACweights In [134], the patient specific CAC is trained for each record in

DS1. The training samples comes from two pamtscommon used heart beat samples
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from DS2 and the patient specific heart bélaggare taken from the first 5 minutes of the
specific recordrom DS1.In this way, the training samples are balanddx rest of heart
beats in the specific record areedsfor evaluationAlthough the number of the training
samples is balanced, the patterns in each labeled typlevarse duago theECG identity

A proper grouping schenfer the training sampless necessary for the patient specific

ANN CAC.

2.4 Summary

In this chapterthe design considerati@and challenges for the AFE, QRS detector, and
the CAC are discussed in the revieweafsting reportsAC-coupled AFEs witrauxiliary
circuits e.g., the impedance boosting, chopper stabilizationD&hlderve loop are not
the best choice for the ultralow power flexible ECG sensors. Thussdb@led AFE is
adoptedn this research to achievengedical grade AFE witlow noise, ultralow power,
high input impedangeandacceptableCMRR. The design of QRS detectbasbeen a
mature topicRecent research mainly foasson theoptimizationof power consumption

of the detectorDue to the ECG diversityersonalizeRS detector is in need luatrely
studied. For the CAC design, deep learning based pasipatific CAC outperforms
other CACs. How to reduce the computatemmplexityandhow to balancethetraining

samples are the two main challengghich will be the focus of this research.
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Chapter 3
A2. 55 7B CMRGRoWCFEBOA AFE

Wearable ECG sensors arest effective tools for managing cardiovascular diseases.
Analog frontend (AFE) is one of the critical components in biomedical sensors. A
medical grade AFE should follow the medical equipment standard, such as IEG260601
47 for ambulatory electrocatjraphic (ECG) systemgl(] in which the requiredgain,
bandwidth, noise, input offset, input impedance, common mode rejection ratio (CMRR),
etc, are definedFor flexible ECGsensors, the design of AFE faces more challenges for
two reasons. First, the mon artefact due to body movements could saturate the AFE
output. Second, the wearable biomedical sensors need low power solution for long
battery life and small sensor sizeis necessary to increase the AFE input impedémce
handle the motion artefaclt is also important to achieve high CMRR to minimize
ambient noise. For low power implementation, we should keep the circuits as simple as
possible.

AC coupled AFE with impedance boosting circuits falls short in power
consumption. Thelockingandauxiliary compensation of the chopper stabilizat®iRE
faces similar problem. Thus, for our ultralow power flexible ECG sensofrcd@pled
AFE with inherent high input impedance is the best chdicethis chapter,several
techniques are presented to asi the ultralow power, high input impedance, low noise
yet high CMRR AFE The proposed AFE uses fully differential difference amplifier

(FDDA) to replace the threamplifier topology for the improvement of CMRR. An-on
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body common mode DC voltage is inttaéd to provide the ebody DC bias voltage to
the bioelectrical signal in order to handle uncontrollable input DC offset. To reduce the
flicker noise, largesize input transistors are often used. We propose to reuse the parasitic
capacitance in the largsput transistors to improve noise performance and area
efficiency. We also use the current mirror load in the first stage of FDDA to replace the
common mode feedback (CMFB) for better power efficiency.

The rest ofthis chaptelis organized as follows. Dets of the proposed FDDA
DC-coupled AFE and design considerations are presented in Sé&clioBimulation
results are provided in Section 3Measurement results as well as the performance

summary argivenin Section3.3. Conclusion remarks are drawn$ection3.4.

3.1 FDDA DC-coupled AFE

3.1.1 FDDA Instrumentation Amplifier

The conventional threamplifier DG-coupled hstrumentationAmplifier (IA) has two
amplification branches. The input DC bias is provided/gyvia PR[66] as inFig. 2-1-

11 The CMRR ignainly determined by the mismatch of gain ratio capacitors. Due to the
limited chip area, the feedback ratio capacitors are commonly selected as one or few
times of minimum allowable MIM capacitor, otherwise the gain ratio capacitors would be

unacceptabléarge. Hence, this topology generally presents poor CMRR.
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The proposed IA, as shown kg. 3-1-1, isolates the commemode input from

the amplification branches by utilizing a FDDA, where only differential signal is
amplified. The inputs of FDDA are deéd by

v P PP P
0 pf¢ pf¢ ™ Tt
O m m pfg  pIg
U prc  pfc pIc  pig

(3-1-1)

c-c-Cc-c-

Wherev ,0 ,0 , andb are respectively defined as the differential input signal, the
none inverting common mode signal, the inverting common mode signal, and the
differential common mode signal.

Vinp
o

[
Vinn

J‘(“.: —C:=C J-(
LI T T

=

Fig. 3-1-1. Topology of proposed FDDA D€oupled IA.

The linear model of thEDDA is given by:

0 U B8 0 U T-22 (3-1-2)

49



whered represents the differential ga, is the common mode signal. The second

term in the parentheses can be rewritterl&3] [

(3-1-3)

In (3-1-3), all the CMRRs are in dB; the CMRBRnd CMRR are only related to the
mismatch of input pair; CMRHs determined by both the input pair mismatgh-(2 2)

and tail current mismatch (- 2 2) as given by%-1-4) and @-1-5) [169], respectively.

#-22 pfp T X (3-1-4)

#-22

(3-1-5)

In (3-1-4), 1 andi are geometrylependent amplification factor separately for
inverting and nosinverting pairs. In3-1-5),1 and'Oare expected ideal values, whil®

and O are respectively the tail current of the practical inverting andimeerting
branches. The impact of tail current mismatch can be easily suppressed by increasing the
impedance of the tail cumé via cascaded current mirror or increasing the transistor
length to several times (e.gx¥of default length. To relax the mismatch of input
transistor, large size and symmetrical layout are necessary for these transistors. The large
size transistor prades extra benefits in additional to better CMRR in the proposed
FDDA. The parasitic capacitanc&dstCgp) referred asCs in Fig. 3-1-1, contributes to

better gain consistency among different chips without extra area cost. That is because the
unit size ¢ transistor is much smaller than the MIM capacitor, i.e., many more

symmetrically placed units are allowable for transistors than capacitors with same area.
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For a single MOS and MIM capacitor, the precision of absolute value from MOS
is worse than MIM. Irthis process, the minimum size of MIM capacitor &m&5em.

The area taken by 100 minimum MIM capacitors can be used to symmetrically place over
800 transistors with size of W/L=&B&/2em, i.e., the match of MOS capacitor is better
than MIM capacitor. Inaddition to the much more units for reduction of geometry
mismatch, the oiody bias relaxes the input DC offset to reduce theideal effect.

Thus, gain variation from chip to chip by using MOS capacitor is smaller than using
MIM capacitors.

Furthermorethe capacitor area @, can be reduced since part of capacitance is
provided byCs, i.e., we can transfer part of capacitance from input transistor to ratio
capacitor. In this design, 4 large size input transistors with size of ZmmdRe used to
improve the noise performance and offset. From the simulation, the parasitic capacitance
contributes about 1/3 of the gain, i.e., the rati€oandC; is around 1/2. This helps to
reduce the chip aredlthough the reuse dofs improves the area utilization terms of
the CMRR and noise performance, MIM capacitors are not totally replac&elfby two
reasons. The first is area budget. With same capacit@poecupies roughly 7/3 area of
C,. The second is the increased gate leakage. The impedance atdd@risd at over
1Gq in this design, s€s cannot be too large.

Assume the two zcell of the FDDA is matched, and ignoring the CMRR term
in (3-1-3). Then we have

0 0 0 U 0 0 o . (3-1-6)
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According to the circuit irfrig. 3-1-1, (3-1-6) can be transformed to:

0 v 0 U 0 V 0 . (3-1-7)

Simplify (3-1-7) with assumption that is very large (designed value is 70dBansfer

function for the FDDA IA is given by:

0]

(Q p (3-1-8)

Q)
That is, FDDA IA has unit DC gain, a higiass cubff frequency ofpf ¢“ YO , and
midband gain of €,+Cs+C,)/C;. R; is backto-back connected pseudo resisi@f][which
is hundreds G. The highpass cubff is meant to be ub-Hertz, of which the precise
value is obtained from the chip measurement. The-dass cubff frequency is
determined by the FDDA bandwidth and the load (niller capacitor in FDDA, and the

input capacitor of PGA).

3.1.2 Back-to-back Connected Pseudo Resis

As discussed in ChapterSgction 2.1.3, different diode connected pseudo resistors have

different propertiesThe fabrication process also decides its value. The extremely large

value cannot be precisely calculateBut the equivalent resistolevel can be
approximated via simulatiorthe simulated diode connectpdeudoresistorbehaviour
for Fig. 2-1-7(a) andFig. 2-1-7(b) are respectively given ifig. 3-1-2 andFig. 3-1-3. For

both configurations, the WI/L is set as€hvlem.
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simulated Pseudo Resistor 1

flame R ————————— T 0]
M Pseudo Resistor Value | 3
400.0—
380.0—
300.0—
340.0 -
320.0—
300.0—
280.0—
2060.0 —
240.0 =
220.0—=

(m

200.0 -
180.0
100,05

140.0

1200 M2: -32.2188m 12.6936T
100.0
80.0 —
60.0 —
40.0 —
20.0

00

200

Fig. 3-1-2. Simuhted resistance for diode conneddRlin Fig. 21-7(a).

Simulated Pseudo Reslstor 1
fName <l 8 ) I~

— k J
MM Pseudo Resistor Value

M5: -80.0m 11.5015T

M3: -1.03556 770.535M
10 =
M4: 0.0 1.95186T

Fig. 3-1-3. Simulated resistance for diode conned®&lin Fig. 21-7(b).

The simulationresolution for absolute current agg is respectivelyset as 10°A
and10°Sto handle the @ resistance evaluatio Fig. 3-1-2, theresistance keeps over

10Tq, and it is proportional to thaecrossvoltage.In PGA, the output swing is large, the
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over 10Tq property is suitable for the suppression of output Homearity variation.
That is,Fig. 21-7(a) is chosen in PGA. While iRig. 3-1-3, the situation is differentt
can be foundhe resistance drops with the increase of dbsoss voltageWhen the
voltage comes to 1V, the resistance is about AYONIf the voltage in several tens of
millivolts, the resistance keeps around 41Tt is a useful feature in IA. Normally, the
output of 1A is several termillivolts, i.e., once established the stable feedback in IA, the
voltage variation across the feedback pseudo resistor is no moreetisaof tmillivolts.
Once motion artefacts encountered, the voltage across the pseudo resistor is large. We
hope the feedback can come back quickly. The deteriorated resistalfice #l-7(b)
helps it because of strong current of the low resistance dé#uback pathThus, in IA
stageFig. 21-7(b)is selected.

It is noticeablethat the simulated d pseudo resistor is not true. The measured
resistance is tens of¢G It is due to the limitation of the simulation model accuracy.
Nevertheless, the simulati result is helpful in analysis since the resistance variation

versus the across voltage coincides with the measurement results.

3.1.3 On-body DC Biasing

Employing large size input transistor increases the leakage current, making the leakage
resistance compdnée with the pseudo resistor. In this case, the inaccurate pseudo resistor
bias, such as the bias vig in Fig. 2-1-11, results uncontrollable input offset. We

introduce an extra DC electrode, as showfrig 3-1-4, to deal with the DC offset. The
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DC electrode is placed away from the two input electrodes, to provide the DC hias V

for the bioelectrical signal.

1MQ

Dry
Contact

Fig. 3-1-4. On-body DC bias for EEG and ECG monitoring.

Two examples for electrode placement are individually illustratelign 3-1-4
for EEG and ECG monitoring. For ECG, as the-Bdlipled input impedance is high
enough, the distance between two input electrodes placed on chest can be as close as 2cm.
The Vm electrode is placed on the left upper arm to provide the DC bias voltage via the
pah constitute of body tissue §&,) and input electrodes (10nF in parallel with ¢ Nor
dry electrode 33]). The equivalent resistancepdg, in series with 1\ ,is significantly
smaller than the pseudo resistor and the equivalent input resistancegatdheakage,
presenting negligible DC offset. The position of thg,¥lectrode is not limited to left
upper arm. It can be placed any point that is at least 5cm away from the input electrodes,
e.g., the point for driven right leg (DRL) electrodée digance for theV/ ., electrodeto
input electrode is found from our experiment. Huen distance guarantees thequired
signal quality. If the distance comes to a smaller value, the signal amplitude may
attenuated by the absorbing of the DC biasing electréde. EEG acquisition, the
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electrode connected to the niowerting terminal V,, is placed on the forehead, and the
other input elecbde is on earlobe. As amplitude of EEG signal is much smaller than
ECG, the distance of the two input electrodes cannot be too close as for the ECG. The

Vm electrodds tagged on the other earlobe for biasing.

3.1.4 Design Considerations of Proposed FDDA

Besices the largesize input transistor (MNMN 1), two more modifications are made to

the conventional FDDA for better power efficiency and circuit stability as showigin

3-1-5 by red dash boxes. Firstly, the CMFB module to supply the &fld MR bias is
replaced by the current mirror load connection as denoted by the top box. If using CMFB,
the loop is from VP and VN to the gate of Méhd MR, where there are two main poles.

One is at the point VP (or VN) and the other is at the gate qofavi MR. Assune it
employs the same CMFB structure with the output stage as shown by the right side of the

red dotted line ifFig. 3-1-5, the two poles can be approximated by

n e , (3-1-9)

h & h h h h h

L) _1-
f — - — (3-1-10)

where,0 is the gain for output stage. Due to the Miller effect and the dsimgeinput
transistor, the capacitance 1] is much larger thar2@), but the resistance part &2

is owver ten times of that ir2() because of the bias current for the CMFB (10nA) is much
smaller than that in the first stage of the core circuit (150nA). That is, the two poles are

very close to each other and appear at relative low frequency. Thus, thenprgse
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guickly degrades with the decrease of t
hard to maintain sufficient loop phase. Extra isolated feedback amplifier is required to
achieve the required loop phase and gair0], which needs extra currenUsing the

current mirror connection, the CMFB loop stability issue is mitigated. Moreover, this

configuration wastes no power on the CMFB.

VDD

e e

H
i Von
|

Cc

E j Vo
MNn MNi12 I—O

Vs
0—| MNi3 |10nA

Output
CMFB

Cc

E Vor

Fig. 3-1-5. Schematic of proposed FDDA.

The proposed asymmetrical connection deteriorates the CMRR dfDBA.
Even with extremely large size input transistor size and-mvatched layout design, the
CMRR does not match with the conventional FDDA topology of higher than 88]B [
[97]. Nevertheless, it is still better than the conventional thraplifier DGcoupled
topology, and meets the requirements in ECG standard.

The insertion of MN and MN;, at the output stage stabilizes the biasing current.
Without MN3 and MN,, the current in the conventional FDDA output stage is determined

by the feedback voltagerygenerated from the output of CMFB which is the classie one
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stage amplifier (the fivéransistor cell at the right side). This bias is sensitive to process
variation. The adoption of MNand MN, makes the bias current independent on the fixed
Vg rather thanthe unpredictable ps. In this way, the ¥ just modulates the output

common mode voltage todw but has no effect on bias current.

3.1.5 Noise Analysis
The input referred noise of the FDDA can be written as
€ i € O

0 ¢ 0 ¢ Qf i € p Qp i € i

Qr ] QR €
GE v €& 5 Qpl Qr QR &
Qr ] Qf Qp i €k
G QriQr & {5, (3-1-11)

wherei  is the output equivalent resistance of the output stage, asdthe output

equivalent resistance of the first stage.3rl{11), we assume MMis the same as MN
Note thatthe 2 and 4" terms contain the'Q i | attenuation leading to the final
approximationWhen transistors in subthreshold region, the relation betiyeandVgs
is given by [L71]

0 0-Q 1 . (24)
In which @ representshe thermal voltageéD stands for the characteristic current, and

the parametem is slope factor, botfO and n are process dependent. Then, the

transconductance of the transistor in subthreshold region can be expressed as
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Q — —O0-A I —. (3-1-12)

Considering both thermal and flicker noises, the equivalent voltage noise source seen

from the transistor gate is defineg b

3 w'Q (3-1-13)

whereB is flicker noise costantand purely decided by proceskis determined by the
body coefficient, the surface potential, and the sehomty potential.

If the design is ideal, then the current in M® twice of MN,. Assumingd and
"Q has no relation with the transisteize, from (3-1-10), (3-1-12), and @-1-13), the

equivalent input referred noise is obtained as

¢ q ﬁ ®'0 (3-1-14)
To achieve good noise performance, the bias current and the trangistoir Ig8IN-MN 10
and MR, MP, should be large enougfihe simulated integrated input referred noise at
different currents and transistor sizes are provideBign 3-1-6. It is obvious that the
noi se drops gui ‘wkile keepb scfady oreverl dightly Bighen after that
point, where the flicker noise is much lower than thermal noise. Thus, in this design, the
size of MNFAMN1 0 1 s 5mm/ 2¢ m, and the size of MP
Furthermore, the noise level dropstlwithe increasing of the bias curreHibwever, in

ECG and EEG applications, low bias current is preferred to achieve the narrgyadew

cut-off frequency.
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2%imulated input referred noise at different transistor size and bias current

—8— 500nA
2.6 —— 300[1A
= 150nA
100nA
2.4 g 50nA

22

Integrated Input Referred Noise /1 Vrms

1.8
1.6
14 e
1.2 —e—— —e-——"’
1 ! l ! l ‘ ‘
1000 2500 5000 10000 15000 20000 25000

Transistor Size /jum>

Fig. 3-1-6. Simulated integrated input referred noise at different transistor size and bias
current.

The load of IA is composed of feedback ratio capactieras inFig. 3-1-1), the
Miller capacitor,Cy, and the input ratio capacitor in PG@&,. If the gain of 1A isGy,
then the lowpass cubff frequency of the IA can be derived as

MQ QR ] Op pfo6 6 0 O . (3-1-15)
As"Q is purely proportional to bias current, to achiéRearound 100Hz, the area
used for capacitors are extremely large if the current is set to hundreds edmpere.
Also, the increase of the cumnteis not preferable for wearable sensors. Thus, the bias

current for norinverting branch and inverting branch is kept as 150nA.
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In summary, the largsize input transistor and the load transistor improve the
CMRR, gain consistence, and noise.tAs paraitic capacitance of the input transistor is
reused for gain ratio capacitors as discussed early, thus the increase of transistor size
helps to reduce the ratio capacitor in IA. In other words, the-emgez e t r ansi st or
post as thread to the areadget; rather it helps in improving performance. The increased
leakage current due to the larger transistor size degrades the impedance, for which the
pseudo resistor biasing is not suitable. Thebody DC biasing is thus proposed to

mitigate the deteri@ated DGCoffset.

Vertical

Placed

Fig. 3-1-7. Overview of 41€mx263%m input transistor layout.

3.1.6 Layout of Large Size Input Transistor

The overview of the large size input transisfdX7-MN10 is given inFig. 3-1-7. The
area is 418m by 26Zm. To make a regular and compact layout, 10 units with
centrosymmetidransistorsare vertically placed at the left side ab@l units are placed at
the right sideAs each unit contains 80 small transistors,dhentationof the units has
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little mismatch efiect. The details of the unit are shownFHig. 3-1-8 whereall transistors

arecentrosymmetic deployaslith equal length metal connections.

Fig. 3-1-8. Symmetrically placettansistor unit.

3.1.7 PGA

PGA has 4 gain settings controlled by two digital control bits as showigi-1-9. The
default gain is set as the maximum value which is determined by C4/C3. The tunable
capacitor can be changed among C3, 2C3, and 3C3, i.e., when switch S is céogaih th
can be set as 1/2, 1/3, and 1/4 of the default gain. Different gain settasgndifferent
load for the amplifier OP2. Thus, minimum lgvass cubff frequency in PGA stage
should higher than that of IA stage to avoid the bandwidth changing tinéng gain,
i.e., the lowpass cubff frequency of PGA at minimum gain setting should larger than
that in IA.

As AFE is the cascade of IA and PGA. The gain of IA stage is generally higher
than the gain in PGA to relax the design of OP2. In this designgain of IA and
maximum gain of PGA are 75 and 36, respectively. As part of the gain of IA is

contributed by the parasitic capacitance of the input transistor, the gain of IA stage is
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estimated by simulation. Although thésolute gain is not able te Iprecisely calculated

in design stage, the gain variation is smaller than one using pure MIM capacitor as
discussed before. By such gain distribution, the classic differential input, -simgjle
output twastage amplifier with Miller compensation is adapter OP2 as in the right

side ofFig. 3-1-9.

To drive the orchip module, generally ADC with capacitive coupling with
several picefarad, 20nA biasing is good enough in the output stage of the PGA. In this
design, for testing purpose, extra 100nA is adiedrive the probe of the oscilloscope,
which is 10My 4p¥H, to avoid the use of extra butfer

R g

_|;,s-3C5 7
Yo © © ® j_ITI l:

+ Vout
1y ou
v or > vour
| 1

Yoo 8 _; &3 Vem V&Itl_ i \L_o
(|33-3C3 S le_|t iZImA th

Fig. 3-1-9. Topology of PGA.

3.2 Simulation Results

The transient, frequency, noise and current simulageults are presented in this section
All simulations are based orpostlayout schematicswith extractedparasiticRC. The
transientresponsg of the four gain settirggof the proposed AFR&regiven inFig. 3-2-1
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with 10V peakto-peak 40Hz input signalThe perfect sinusoidal signal can be
observed at theutputwith expected gain

To evaluate the current, transient resperafe8 duplicated AFEs at three gain
settings are simulated aBownin Fig. 3-2-2. It can be found, the average current for all
gain settings are at 3.94, i.e. the current for the proposed AFE is 492.5nA. Gumeent

variation is within £A, i.e. 125nA for single AFE.

Translent Response Fri Mar 1 11:04:04 2019 1

[l ¥

12 — foutl Jout2 /out3 Joutd Jout5 I Jouth fout7 M Joutd
L1 s—z
11 =

1.05 S

0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 100.0
time (ms)

Fig. 3-2-1. AFE transiet simulation at different gain

Transient Response Fri Mar 1 12:09:49 1
Al

_ M /I0/avdd WM /I0/avdd W /10/avdd

1]

Average:duA

0.0 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 100.0
time (ms)

Fig. 3-2-2. Transient arrent with 8 duplicated AFB&t different gain
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The smulated frequency resporssef the AFE at four gain settinggeshown in
Fig. 3-2-3. The gain in both real number and dB formats are given. Thébamd gain
can be programmed at 57dB, 59dB, 63dB, and 6%Bdich coincide with the results of

the transientesponsesf Fig. 3-2-1.

AC Response Fri Mar 1 11:04:04 2019 2

.
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—a —aa- I~

<
.
“l

28 Joutl fout2 BN Sout3 x'out4 Jout5 M Jouté M Jout7 M Sout8

240Hz 65dB JIN
97mHz 65dB F -
41Hz 63dB F
2.4% 97mIiz 60dB 0.5Hz 68dB \ £ 64.0
5 AT 210Hz 604 N
203 guer % 7 o e e e e e e e E
- '—-__—___@w___-_“ C'_ 220Hz 56dB |31
1.6 - ) Y £ —
z E N L 5208
F122 220Hz 5445 TSNS
0 s: : 44,0
_: \ g 0.0
0.4 \ E
E L 36.0
0.0 = L 32,0

N 10" 10° 10°

0

10 10

freq (Hz)

Fig. 3-2-3. Simulated frequency respossd the proposed AFE

Monte Carlo simulation with 168me samplingss given in Fig. 3-2-4. Both
process variation and layout mismatale aonsidered in the simulatiomhe minimum
gain is 55.5dB and maximum gain is 57dB, i.e. a variation of 2\fith meets the
requiremenbdf IEC standard4Q].

The simulated integrated noise from 0.1 to 250Hz ise2/2Js. Due to the flicker
noise andselective of the banpass filtering of the AFE, the highest noise appears
around 0.1Hz which is 11e%2 With the increase of the frequency, the noise drops

quickly e.g., the noise at 100Hz is just 75.8@¥ inFig. 3-2-5.
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V (dB)

106.924mHz 53.0344dB 121.646Hz 53.1756dB

Monte Carlo Simulation
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@minmum gain
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Fig. 32-4. Monte Carlo simuétion of frequency response at minimum gain.
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Fig. 32-5. Noise simulatiorof the AFE
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3.3 Measurement Results

The design is fabricated in 0j3% CMOS process with core area of g&tx900um. The

chip micrograph is shown ifig. 3-3-1. The current consumed lifie entire AFE is
499nA, of which 350nA is taken by IA, and 120nA is used for the output stage of the
PGA to drive the oscilloscope probe with 1GMand 4pF load. Except the maximum
gain, other three gain settings are verified during the measuremeegoéfrcy response,
CMRR, and gain variation ashown in Fig. 3-3-2, Fig. 33-3, and Table3-3-1,
respectively. It can be seen that different gain settings have fixed bandwidth from 0.4Hz
to 120Hz and 76dB CMRR. The gain variation based on the measureomarfi thips is
within 3%, which isslightly higher than the simulation result kig. 3-2-4 but still much
smaller than the 10% requirementlEC StandardThe input referred noise is 1|02ys
integrated over thpassbandas shown irFig. 3-3-4. As the mise is integrated from 0.4

to 120Hz during measurement, the result is close but smaller than the simulated one
integrated from 0.1 to 250HZwo distortion peaks occwat 50Hz and 150Hz due to the
power line interferences as givenhing. 3-3-5. The totalharmonic distortion (THD) is

smaller than 1% excluding the components caused by the power line interference.

=
W
(=1
=
g

900um

Fig. 3-3-1. AFE chip micrograph.
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62

60

’ m |
52| ;
50 - .
48 .

46 1 1 1
0.1 1 10 100 1000

Frequency / Hz

Gain / dB
n n
£ =)

Fig. 3-3-2. MeasuredAFE frequency response at three different gain settings.

81 CMRR Analysis with 100mVp Common Mode Input
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Fig. 3-3-3. TestedAFE CMRR at three different gain settings.
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Table3-3-1. Measured gain fahe9 AFE chips.

Chip 1 2 3 4 5 6 7 8 9

556 56.0 568 570 564 56.0 563 570 56.1
581 588 585 586 581 586 591 587 586
618 621 632 623 618 621 624 634 62.2

Gain
(dB)

Input Referred Noise

T
1 = = — Integrated 22
Original

L g
/ pVrms/+/Hz

Integrated Input Referred Noise / zVrms
Input Referred Noise

Frequency / Hz

Fig. 3-3-4. MeasuredAFE input referred noise.

Harmonic Analysis with ImVp Input at 10Hz

40

20 -

Gain/ dB

-120

-140

1 . .
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Frequency / Hz

Fig. 3-3-5. Analysis of harmonic distortioaf the Proposed ARFE
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Noise efficiency factor (NEF) was first introduce yr]] to quantify the trade

off between the noise and power, which is defined by

6000 5 —— (3-3-1)

where 0  is the input referred RMS noise voltad®; is the total current supplied to
the OTA;"Y is the thermal voltag&T/q and BWis the OTA bandwidth in Hertz. The
NEF of he proposed FDDA D<&€oupled IA is 1.98, and 2.55 for entire AFE counting the
current to drive oscilloscope probe.

Table3-3-2. AFE performance comparison wititherrelated works.

“'2'%1860 Jssc Jssc JSSC  TBIOCAS TBIOCAS TBioCAS TBioCAS  This
o, 2018(6]  2011[60]  20I5[172 2018073 201767) 2019F2 201159 Work
Current  1.19A  0.361A 53A 31 160nA  8.25A 18A 50A 499
VDD 1.2V 0.8V 2v 0.6V 2v 1.2V 5V 18V 18V
Gain 38 2652dB 50628 51-96dB 40dB 5248 0-20d8 22 56
5508 40dB  68dB
. 05 1Hz 0.26 0.4
Bandwidth 0> 1400z  0170Hz 0125z 02200Hz o 3% A 9%
,'\?g;‘; 3.06V 8.2V 1.7V 6.5V 2.05V 5 3.7V 0.8V 1.0V
CMRR  64.9B  66dB 105dB 558 6508 6508 708 82dB  76dB
THD N/A N/A N/A 2.87% 1% 0.95% N/A NIA 1%
Area . " " *
ey 035 0.86 5.2 11 0.18 0.018 1.23 6.48  0.405
Input
Impedance 3.6G 200Gq N/A 110Mqgq 20Mq N/A 400G 2Gq 1Gq
Process  0.13umn 0.18m 0.5um 65nm 0.35m 0.13m 0.18m 0.18m 0.35m
NEF 106 8.43 11.7 264 2.26 7 N/A 123 255

1.98

* The area is approximated from the chip micrograph

Compare with the statef-the-art worksas in Table3-3-2, this design presents the
best NEFwhich is 1.98 and best CMRPf 76dB among the designs without chopper
stabilization (the two designs in the year 2011 from JSCC and TBioCAS utilized the

chopper stabilization while all others din Thanks to the D&oupling, input
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i mpedance 1Gq a@SCO 2016i seowsa3eoh usiagvEcdoupling but
takes higher power, largeoise and smaller CMRR which are respectively $11%W,
3.0&V and 65dB) The chip area is as small as 0.405nm@nefiting from the reuse of
the parasitic capacitance even with almost the highest gain setting.

To demonstrate the capability of the chipaitquiring ECG and EEG signals, we
conducted measurement on human using the electrode configuration shegr8ii-4.
The input electrodes are placed just 2cm apart for ECG recording. The top and bottom
ECG waveforms irfrig. 3-3-6 are respectively obta@a at resting and walking conditions.
The motion artefact during walking slightly distorts the ECG baseline but does not
saturate the AFE output. For EEG measurement, one second EEG signal after eye blink
and its FFT is presented kng. 3-3-7. It is filtered by a notch filter cascaded with a low
pass filter with cubff frequency of 30Hz to remove power line interference. It is obvious
from Fig. 3-3-7 that, oscillation with an energy peak at 12Hz is presented. This coincides

with the weltknown phenomenon h at d o mave appéans afterthe eye blink.

(\) apmypdury

Time (s)

Fig. 3-3-6. Monitored ECG signalising theproposedAFE.
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Fig.3-3-7Acquired EEG with distinct U component

To verify the variation of the baseline drishour ECG recording isonducted

Part of the recording ishown inFig. 3-3-8 with time length of 2 minute§ he baskne is

steady.
29 ECG recorded during watching 2 hour movie
2 T T T T T
2
1.8
1.6
> 14 i
s |
=
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Fig. 3-3-8. Results of znour ECG recording.
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3.4 Conclusion

A FDDA DC-coupled AFE ispresented in this chapter féexible biomedical sensors.
Using FDDA with improved power efficiency and stability, the AFE has significant

i mprovement on input i mpedance, CMRR and
2.55 for NEF, Utilizing the parasitic capacitance reuse technique, this implementation
shows greanoise/area efficiency, i.e. 0.408min 0.35pm process. With the high input
impedance, the chip is able mot only pick up clear ECG signal at separation of 2cm
electrode distance at both resting and walking conditions but also acquire the dominating

Uwaveafter eye blink on EEG testing.
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Chapter 4

Per son@R$ zalt ecti on Based on

Clustering and Correlati on

ECGgives direct and robust evidenite the diagnosis of cardiovascular diseases such as
arrhythmia,ischemia and ventricular hyfiophy. The diagnosis is derivddom the
study of heart rate features like heart rate varialtiyV) via R-R interval information,
and ECG morphologgharacteristics like ECG pattern classificatibtow accurate the
QRS detection algorithm in a systeeflects the reliability othe HRV analysis. In the
cardiac arrhythmia classification process, the R peak position from the QRS detection is a
prime input parameteihus, in an ECG processor, the QRS detection algorithm is the
foundation offurther andysis.

QRS detection algorithm has been studied for long time. It is worth noting that
existing algorithmgry to use predefined parameters or constraints for all typeatieit.
That is, to be robust for handling special cases, leadimpmplicate mdels with large
number of parameters.

A computationally efficientpersonalizedQRS detection algorithm follexible
ECG sensorss presented in this chaptefhe proposeduser specificQRS template
avoids the complicate models and parameters usedisting algorithms while covers
most situations for practical applicatiofi$ie detection is based on the comparison of the
correlationcoefficient of the usespecific template extracted from individuager with

the input ECG signal segment under detectToreduce the computation, a novel ene
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target clustering is proposéo reduce the required loops from (K+1)K/2 to 1 comparing
to a Ktarget group clustering; meanwhile, the detection judgemetniggered by the
possible peaks to avoid a continudinse correlation calculation and can be taken as one
point FIR filteroperation following by the dividing of the standard derivatiothefinput
ECG signal segmentt achieves an average positive prediction rate of 99.39% and
sensitivity rate of 99.21%valuated on 48 tapes of MiBIH arrhythmia database.

This chapteis organized as follows. Sectighl presents the details of proposed
algorithm including one target clustering (OTC) and the detection based on Pearson
Correlation Coefficients (PCCypecton 4.2 shows the adaptive thresholding for accuracy
enhancement. Section 4p8ovides experiment results. Conclusr@marks are drawn in

Section4.4.

4.1 User Adaptive Detection
The diagram ofproposed algorithm is shown in Figr1-1. It is divided intotwo stages:
template extraction stage and the detection sfsiggwn by the dotted and solid arrows

respectively).

egm ents

ECG Clip [WVindowed One Target Clustering
......... | Peak -

Detection ' A Extracted
REEE‘(;I" = Real-time Segm ent"v ' A AT,\H“ plate
Bitstr Peal'c Pearson Correlation

L rears. {Detection Coefficient
————— 3

Fig. 4-1-1. Diagram of proposedser adaptive QRS detectialyorithm.
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At the beginning, patiel®s ECG signal (ECG clip as marked fg. 4-1-1)
containing several or terd QRS complex is sent to the windoweeak detector (WPD)
during which the patient is asked to sit gtllavoid motiorartefacts Potential R peaks in
the ECG clip aradentified by the WPD first and then ECG segmerdntered athe
potential R peaks are sent to the customized OTCeimgioys PCC to calculate the
similarity between each tweegments to get the usgpecified QRS template. Since the
segments sent for clustering are QRS candidates selected NyPbe mcst of them
contains only R peak, thus the numbesefments sent to OTC are effectively reduced to
improve thecomputing efficiency. Meanwhile, the simple OTC optimiZedthe QRS
segments further contributes to the lightweightputation. The WPD andT@ are one
time processing.e., only activated at the beginning for generating the template. Once
switching to the detection stage, the peak detector (PD) andar&€@&ctivated. PD is
alwayson to detect any local peaks byamining each input poinévhenever a peak is
detected, thetandby PCC will compare the segment centered at the detpetddwith
the stored template. If the similarity is high enouitjis segment is taken as a QRS and
the peak is labeled a® R peak; Otherwise PCC discardsstsegment and waits for next
comparison. That is, in practical detection, PCC is idle in ot and only the simple

PD requires redime computing.
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4.1.1 Peak Detection

The data is firstly processed by the SavtizRplay(SG) filter with a span of 15 and
degee of 6 and then smoothed by a moving sum filter with length of 26, the same pre
processing and peak detection method proposetl#j.[The peak detection is given by
(4-1-1) and @-1-2).

Z YQQ YQQp m (4-1-1)

Z YQQp YQUQ m (4-1-2)
The continuously rising edge is defined Hylf1) that the signal amplitude at the three
points after i3 meetsSi)>i-1)>Yi-2)>S({-3) and similar with continuously falling
edge. IfS(i) is a peak for both continuously rising and falling edge, 8{@ns taken as
valid peak.

It is obvious that all peaks no matter P, R, T or even peaks caused by noises could
be detected if simply applyi{1-1) and @-1-2). Thus, wndowed local maximaiven by
(4-1-3) is applied to the peak detection to remove unwanted P and T or other small peaks
for the simplicity of clustering.

Y1) Goadvn ETYn E YR (4-1-3)
In (4-1-3), the window is centered arrn ."“Yn and"Yr are the left and right
boundaries. If"Yr] is the highest peak among all the peaks in the window, then it is a
local maximum peak. The local window is decided between the longest QRS length and
the shortest R interval The window length is selectedniger than QRS taontain

enough waveform informatioWhile, the length is set shorter tharRRntervalto avoid
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multiple R peaks in one segmead multiple R peaks magad to the multiple¢arget
issue in clustering. As the normal QRS length is from 8@ 00ms and the normaifR
interval is from 600ms to 1.5s, the window is set as 400ms to cover entire or most part of

QRS complex within 400ms and any heart rate under 150bpm.

4.1.2 One Target Clustering

For a conventional clustering, the clustering loopdezs for the balanced state that each
group remaisthe same with last loop. Nested loops lead to the heavy comgputinWh at 6 s
worse, initial kernefor each group should be determined.

Table4-1-1. Pseudo code of proposed one target clustering
Pseudo Codeof OTC
Step I Initialize T, GT, G, r, K, Gy
Step 2 fori from 1 toK
forj fromi+1 toK
if cov(§, §)>r
add§ to G;, andS to G
endif
endfor
Step 3 G=the group with max member @& g
Step 4 updateGT with G, getT by averagindsT, emptyG
Step 5 fori from 1 toK
if cov(§, T)>r
addSto G
endif
endfor
Step 6 G==GT? Stop: Step 4
Stop: StoreT

Noticed that only one target group neéd be found from the segments of the

WPD output One target clustering (OTC) is proposed to reduce the computafioms.

78



simplified OTC is shown inrable 4-1-1 and Fig. 4-1-2. First, the template kernd,
temporary group$: k (whereK is the total number of segments), target gr@ipand

its updated versiof® are initialized to empty and threshold of PEG set to the proper

value (from 0.6 to 0.8, in this paper 0.8 is chosen) that determines the similarity among
segments in each group. Then, a general clustering method runs for one time as in Step 2
to get the initial kernel. Since we know neither thenkéfor the group nor how to group

the segments, we assume each segment stands for one group and the corresponding
kernel, which guarantees lossless grouping meanwhile provides initial kernels.

( Initialize )fﬂtep 1
v

Step 2
Step 3

Get initial group G

l fStep-l
Update G 7 with G, extract 7" |g—

v

Clustering new (5 | Step 5

Step 6
NO

( Store 7' )

Fig. 41-2. Diagram of the proposed one target clustering.

Onetime clustering withK groups and corresponding kernels are conducted by

applying the nestefbr loop to traverse the segment similarity with each other. Once the
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PCC, i.e.co(S, §), equals or is higher than the expected threshold valtieen the
segment§andSar e added to each otherodés group as
only one major group in the input data segments, the group with maximum number of
group members is taken as the initial target group. Meanwhile, we getitinetarget

kernel by averaging the target group in Step 3 and Step 4.

After obtaining the initial target group and kernel, the OTC is conducted by
iterating Steps 4 to 6. In Step 5, just one loop is sufficient to traverse the similarity
between the cuent kernel and each segment. In Step 6, the algorithm decides whether to
stop or continuethe iteration based on the condititmat if the current updated target
groupG is equal to the last target gro@ or not Comparing Step 2 and Step 5, OTC
requires only one loop from 1 t& to calculate each update whiketarget clustering
needs U p LXc loops from 1 tK. Moreover, less target means less updates required
to reach the stable state. For the proposed OTC, several updas®aghto get the
final kernel as the extracted template.

MIT-BIH arrhythmia databasel28] is used for verificationFig. 4-1-3 gives
template extraction results of the proposed OTC for a 10s ECG clip from a patient with
premature ventricular contractions (PVCs) as shown on the top plot where the deep
valley is labeled as Type 5 in the database standing for PVC and the narrovs peak
labeled as Type 1 standing for normal QRS. As seen from the middle plot, several
abnormal wide peaks after the PVC are detected by the WPD with 400ms window, but

the OTC can correctly recognize the major target and extract the 1.2s length template for
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the normal QRS. Besides, by simply inversing the amplitude of the clip, the PVC
template can be extracted for PVC detection for this patient as shown on the bottom plot

with the same window and template length setting.

Original ECG Clip from Recorder 200 with PVCs

1 L
Z o
Py
(=]
58
S -1r
=
-2+ : ; ; ;
2 4 Time/s g 8 10
Segments from ECG Clip and Extracted Normal QRS Template
1 ,
Z 0
P
[#1]
1]
E -1
I
t:; — — — -Segments 111 f
2 W Normal QRS Template | 15,/
0.2 0.4 06 0.8 1 1.2
Time /s
Segments from ECG Clip and Extracted PVC Template
1
0.5
E oy
205
L
T adil
< 1
I |
A ! — — — -Segments ! iy h
2l 3 7 PVC Template || {” ¥
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Time /s

Fig. 41-3. Extracted nrmaland R/C QRS templatdy OTC.
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4.1.3 Correlation Coefficient

With the usesspecific template, a valid QRS can be detected by comparing the similarity
of incoming realtime ECG segment with the extracted usgecific template via the
PCC as given by:

i B (s , (4-1-4)
B [ B

where,"Yis theith point of the current peak segmeftand”Yis theith point of the

template;n is the segment length which is 144 for 400ms window under 36@higing
frequency™Yand"Yarethe mean values &andT, respectively. PCC indicates the linear
correlation of the two samples and has a value betwleand 1. When it is between 0.6

and 0.8, the two samples are linear correlated; when it is higher than 0.8, the two samples
arestragl y | inear correlated. For ECG wave d
change too much, thus the QRS amplitude and duration are linear correlated. In this

application, since the template is extracted, tdet+4) can be simplified as

i —— . (4-1-5)

That is, the PCC is calculated by applying a FIR filter with coeffigiens the segment
"Y "Y, then divide the filter output by the standard derivation of the same segment.
During thiscalculation, the mean value of sample is removed which is useful to relax the
effect of baseline drift.

Detection results of Record 208 with baseline drift and PVC distortion are shown

in Fig. 4-1-4. The PCCs of most of the normal QRS complexes are hitfaer 0.8.
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Several QRS complexes with large shape distortion, e.g. from the time 12s to 14s, are
having PCCs between 0.6 and 0.8. The PGLmost of the fake peak segments are
lower than 0.4. Two noticeable points that have PCC close to 0.6 are feeghents

whose shapes are clagethe template. One located around 2s with tiny amplitude, it can

be eliminated by comparing with the common R peak; the other is the one caused by the
two adjacent PVCs from 6s to 7s, this is hard for detection even forpent eékhas no
knowledge about the nearby information. Except this segment, all others can be correctly
detected. Moreover, utilizing the extracted PVC template by inversing the signal
amplitude, the algorithm can be used to detect the PVCs. By combiwi@g position

with the ECG RR interval constraints, those abnormal or fake segments can be easily
separated. In practical, the PCC can be set from 0.6 to 0.9 to achieve proper detection rate
based on the template length. Short template requires high P@€oib too loose
separation while long template needs low PCC to avoid too strict rules that may miss
correct QRS. As shown on the bottom plotFo§. 41-3, because of the long 1.2s
template | engt h, the segmentsdo tail parts
small oscillation before 0.2s. This small oscillation reduces the similarity between the
templateand the PVC segmeniThus, small PCC shoulde used in this case. As the
normal QRS template is totally different from the PVCs, paced Jbaatts other beat

types with distinct segment shapes, the PCC is rather small when comparing the extracted

main heart beat template with other rarely happereaitibeats. That is, the proposed
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algorithm can separate the major heart beats from other types dasheé segment
similarity judgnent and vice versa.

ECG Record of 208 with Baseline Drift
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Fig. 41-4. PCC values on record 208 with baseline drift and PVC distortions.

4.2 Adaptive Thresholding

To further improve the QRS detection accuracy, we are making use of ECG signal
properties to eliminate wrongly detected peaks. These wrong peaks are mainly caused by
motion artefacts and noises. As ECG morphology varies from person to person, a fixed

set ofrules is not effective in dealing with these variations. Thus, we propose an adaptive
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thresholding scheme, in which PCC referencd® iterval reference, and template are

adaptively adjusted tenhance the detection accuracy

Initialize Step 1
81,82,ST,8C,T1LT2,TT,TC,C

Step 2

A A

calculate SC

Step 3

SC=8T ?

Step Y
4.1
St
\ J' h 4 Step vL o 4?
Casel Case2 4.2 Case3
D:Current segment
Si: 82 under detection
PCUapoint PCCapoint r————==7- 7
Tl T2 SC

C: stored template —A-A-/\—

ST: reference PCC

TT: reference RR interval
——T—L———» H SC: PCC for current segment

T1 T2 TC

A\ 4

Fig. 42-1. Diagram ofadaptive thresholding.

As the PCC reference,-R interval, and the template are critical to #oeuracy
of the QRS detectiorthe updating of them is subject to the strictest condition, i.e. they
are updated only if the PCC is over 0.8, which meansepments under detection shows
highest similarity with the stored template. In this way, the updating of the template is

guaranteed as a segment centered at R peak. For the RR interval value, v29%etis/
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the maximum variation between two adjacent waéy [174] to remove an abnormal RR
value. This conservative updating strategy preserves the judgment conditions from being
updated using wrong detections.

As shown in Fig. €-1, the adaptive updating of the reference RR inteiVd), (
reference PCCH]), and the stored templat€)(for next detection is as follows.

Step 1: Thd'T, ST,andC are initialized from the OTC stage, where the subject is
asked to sit still. We treat the ECG signal form the OTC stageeas i deal 06 ECG
Thus, theextractedemplate, the average RR intervals, and average PCC of each detected
QRS complex segments during the OTC are respectively taken as the initial values
of C, TT, andST. The PCC of the last two QRSs, and time information are also
initialized toS1, S2 T1, andT2, respectively.

Step 2: calculate the PCC for current QRS complex under detes@on,

Step 3:if SCST(the current PCC is greater than the stored average BGC),
means that the current segment is strongly correlated with the stored temglatbgei
current segment is highly possible a QRS complex. To make sure that the current
segment is indeed a QRS, we apply RR interval constraints under three cases:

Case lthe detected RR interval falls within-20% variation,j.e. RR interval =

80% TT ~120%TT.
Case 2he detected RR interval is more than +20% variati@en RR interval >

120% TT.
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Case 3he detected RR interval is less th&®% variation,i.e. RR interval <
80%TT.

In these three cases, we use three sets of rule to determine if the current segment is a QRS
in Step 41, Step &, and Step 3, respectively.

Step 4.1: the first case aftrep 3 wherSC>ST (the current PCC is greater than
the stored PCCY¥or this case, the current RR interVas within the reasonable range set
by thereferencevalueTT. In this case the segments will be reported as an R peak since it
is qualified by the similarity and the time constraint. On this condition, the thresholds will
be updated when the similarity is higher than the highest setting, 0.8.

Step 4.2: the second caafier Step 3. For this case, the current RR intefvas
longer than the upper limit of the set reference rang€){k That means, the current
segment is a special one. If the similarity is higher than the highest value 0.8, then it is
reported as an Reak, and the thresholds will be updated to follow the RR interval
variation. While, if the similarity is less than 0.8, it is still reported as an R peak, but no
thresholds updating occurs to avoid any possible risk.

Step 4.3: the third case aft8tep 3 For this case, the current RR interVals
shorter than the lower limit of the set reference range)(T. That means, either the
current or the previous detection is wrong. Sodéesionrules will be applied to remove

one of the two detections. Nlereshold updating in this case
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Step 44: if SCXST, it is still possible that the current segment is a QRS
considering the distortion of motion artifact. In this case,3hes decreased

with a slope of 0.47T until reaching the minimum value of 0.4

4.3 Experiment Results
The algorithm is implemented in MTLAB, the GUI of the detection and analysis is
shown inFig. 43-1. The passbandof the FIR prefilter is set as 0.7 to 40Hz with
transition width of 0.5 and 1HzespectivelyThe waveform of zhour reordingby using
the proposed\FE (as in Section 3.3 adoptedfor functionality verification As shown
on the main window, the detected label is accurately predicted at each R peak of the
filtered ECG.The detected results and the filtered ECG can bedsav a text file for
further study. In the implementation, the HRdrameters are also calculated, e.g., the
estimatecheart rate (HR) is 82bpm.

To evaluate the detection performance, sensiti(@lf) and positive prediction
(+P) are used. As defined §§5) and @6), thefalse positive(FP), false negative (FN)
and true positivéTP) are calculated where FP indicates a declaration of QRS while there
is none, FN indicates lost detection of actual QRS event and TP indicates all correctly

detected QRS.
3 W — (4-3-1)

op — (4-3-2)
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Fig. 43-1. GUI of the implemented QRS detection iAVLAB .

The SE and +P for each record in MBIH arrhythmia database are summarized
in Table4-3-1. Our algorithm can accurately separate the majteiyrt beat type from
the total beat labels with an average +P of 99.39% and SE of 99.21%. The lowest
performance appears at Record 203 where there are highest PVCs that leads to the lowest

+P and SE.
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The performance comparison of proposed QRS detection algorithms with other
algorithms are given in Tablé-3-2. The sensitivity and positive detection raee
comparable to or slight lower (less than 0.5%) than the-stdtes-art algorithm.

Table4-3-1. Performance Evaluation on MHBIH Database

Tape Maijor/Total FN FP_ +P SE

100 2273/2273 2 0 100% 99.91%
101 1865/1865 6 0 100% 99.68%
102 2183/2187 24 24 98.90% 98.90%
103 2084/2084 4 0 100% 99.81%
104 1380/2229 55 44 96.76% 95.98%
105 2526/2572 84 23 99.06% 96.65%
106 1507/2027 1 6 99.60% 99.93%
107 2078/2137 2 1 99.95% 99.90%
108 1746/1763 41 39 97.76% 97.65%
109 2494/2532 11 12 99.52% 99.56%

111 2123/2124 38 38 98.21% 98.21%
112 2539/2539 0 0 100% 100%

113  1795/1795 8 0 100%  99.95%
114 1836/1879 4 1 99.95% 99.78%
115 1953/1953 1 0 100%  99.95%
116 2303/2412 29 0 100% 98.72%
117 1535/1535 2 0 100% 99.87%
118 2262/2278 6 2 99.91% 99.73%
119 1543/1987 0 0 100% 100%

121  1862/1863 2 1 99.95% 99.89%
122 2476/2476 2 0 100%  99.92%
123 1515/1518 2 0 100% 99.87%
124 1572/1619 6 6 99.62% 99.62%
200 1775/2601 14 24 98.66% 99.22%
201 1765/1963 22 7 99.6% 98.74%
202 2117/2136 1 4 99.81% 99.95%

203 2536/2980 163 166 93.45% 93.41%
205 2585/2656 1 1 99.96% 99.96%
207 1457/1543 14 10 99.31% 99.04%

208 1586/2955 22 26 98.68% 98.88%

209 3005/3006 0 0 100% 100%

210 2446/2640 19 12 99.50% 99.22%

212 2748/2748 0 0 100% 100%
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213 3251/3471 48 22 99.31% 98.51%
214  2003/2259 4 5 99.75% 99.80%
215 3195/3363 2 4 99.87% 99.94%
217 1542/2208 9 12 99.22% 99.42%
219 2082/2154 1 3 99.86% 99.95%
220 1954/2048 2 0 100% 99.90%
221 2031/2427 5 2 99.90% 99.75%
222 2061/2483 72 63 97.44% 97.09%
223  2029/2589 33 34 98.39% 98.44%
228 1688/2053 7 0 100%  99.58%
230 2255/2256 1 0 100%  99.96%
231 1254/1571 1 0 100%  99.92%
232 1382/1780 4 2 99.89% 99.78%
233  2230/3079 11 10 99.55% 99.51%
234  2700/2753 0 0 100% 100%

Total 99127/10936€ 786 604 99.39% 99.21%

Table4-3-2. Comparison with Other Algorithms
Method SE(%) +P(%)
MultiscaleMorphology [L121] 99.81 99.80
Quadratic Spline wavelet75] 99.31 99.70

Joint QRS 124] 99.64 99.81
Event Driven 126 97.76 98.59
Genetic Algorithm [Z6] 99.60 99.51
Proposed Algorithm 99.21 99.39

4.4 Conclusion

In this chapter, the details of the proposed user adaptive QRS detection algorithm are
presented.t employs PD triggering, simplified OTCsimplified PCC and adaptive
thresholding The proposed OTC requires U0 ¢ ¥¢ less loops compared to the

target group clustering. The simplified PCC is equivalent to apoité FIR operation
following by a division by the standard derivation of the triggered input segment.

Average +P and SE of the proposed algorithn&89% and 99.21%, respectivelihe
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GUI of the algorithm is developed in MTLAB environment, in which préltering
parameters can be set. Moreover, based on the detected QRS position, HRV analysis is

also conducted.
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Chapter 5
AnEvedti ven PatiemACSpeci fic

Deep learning methods, e.gutificial neural network (ANN) and convolutional neural
network (CNN), are fawared in cardiac arrhythmia classifications (CAC) for its high
accuracy. The insufficient abnormal beats and extremely unbalanced data set limit the
ANN-CAC performance. Moreovethe implementation of such method is challenging
for wearable electrocardiogram (ECG) sensors due to heavy computational cost.

An eventdriven ANN-CAC is presented in this chapter to address the challenges.
Continuousin-time discreten-amplitude (CTDA) signal flow is adopted for the
reduction of multiplication operatioris ANN-CAC. Customized threstage pipelined
multiplier and customizedfinite stage machine (FSM) are adopted eohancethe
execution speed and efficiendyegarding the unbalaed data set and the EG@&entity,
conditional grouping scheme (CGS) accompany with the biased training gi&T)
proposed to enhance the classification accurabg. design is verified on FPGA and
implemented iINCMOS 0.1&m process Simulated average powés 1XW for the
patient with heart rate of 75bpierified on MIT-BIH arrhythmia database, the design
shows ove 99% classification accurac9,/% sensitivity, and 94% positive predictivity
on the 5 types defined by the AAMI standard

This chapter is orgared as follows.In Section5.1, data preparation and the
details of CGS is described. Feature selectiomplementationconsiderations, and

topology of the proposed CTDA patient specific ANMC are presented in Sectiér2
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BT process isshownin Section5.3. Implementation details including the customized
multiplier and FSMs are presented in Section Behchmark results of the implemented
eventdriven ANN-CAC are given in Sectiob.5. Conclusios are discusseth Section

5.6.

5.1 Data Preparation

Table5-1-1. Heart beat label and corresponding meaning in-BlIFl

Symbol Label Meaning
N 1 Normal beat
L 2 Left bundle branch block beat
R 3 Right bundle branch block beat
a 4 Aberrated atrial premature beat
Vv 5 Premature ventriculazontraction
F 6 Fusion of ventricular and normal beat
J 7 Nodal (junctional) premature beat
A 8 Atrial premature beat
S 9 Premature or ectopic supraventricular bea
E 10 Ventricular escape beat
j 11 Nodal (junctional) escape beat

/ (P) 12 Paced beat

Q 13 Unclassified beat
e 34 Atrial escape beat
f 38 Fusion of paced and normal beat

Table5-1-2. Mapping of MIT-BIH labels to AAMI types

AAMI Meaning MIT-BIH Redefined Label
N Any beatnotinS,V,F,andQ 1,2, 3, 34, [1,0,0,0,0Q]
S Supraventricular ectopic beats 4,7,8,9 [0,1,0,0,0Q]
\% Ventricular ectopic beats 5,10 [0,0,1,0,0]
F Fusion beats 6 [0,0,0,1,0]
Q Unknown beats 12, 13, 38 [0,0,0,0, 1]

For theconsistencyf comparison with other works on the benchmarking, the standard

MIH-BIH arrhythmia database is used for network training and performance evaluation.
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There are 48 halfiour sets of ECG records from 47 subjedt23]. Modified limb Lead

[I (MLII) and modifed Lead V ECG signals are stored in each record. Only MLII data is
used in thisstudyto keep consistency with other works. All records are digitalized with
11-bit resolution over 10mV at 360Hz sampling frequency. The entire database provides
15 types hed beats. The beat type related labahd its corresponding annotation
meaningasdefined in MIT-BIH areshown in Tables-1-1. As recommended by AAMI
practice[144], the4 paced records including 102, 104, 107 and 28h@uld beremoved

from the studyExcept the unnecessary Q tyjoe the evaluation of CAG@h AAMI, i.e.,

paced beat (label 12), unclassified beat (label &3) fusion of normal and paced beat
(label 38), all other N, S, V and F types shouldelaluatedrom MIT-BIH labels.For
furtherupdate and the coverage of all situations in practical, all the 5 types are considered
in the proposed ANPCAC even though Q type is not required by AABthndard, i.e.,

this design has five output typeBhe mappingof each AAMI heartbeat typand the

reddined labels for classification purpoaee provided in TablB-1-2.

5.1.1 Identity of ECG

The morphologies of same typébeatdefined in AAMI from different patients are quite
different Taking type S as an example as showrFig. 5-1-1. The S typefrom 44

records excludingpaced beats can be divided into snbrphologies. Six of them from
records 100, 207, 220, 118, 228 and 124 with obvidifferentwaveforms are presented.
In record 100, the ECG QRS complex shows symmetsioall Q and S valleys. Except

the flat T peak, the entire waveformssnilar with a normal heartbeat, while the shapes
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are quite different from the normal one in other records. The heartbeats insr2@dyd

220, 118, 228 and 124 have remarkable deep R valisynguishing sharp andeep S
valley, deep but wide S valley, obvious Q valley, relative short PQ segment, respectively.
It should be noticed that the morphology differenoé S typeare not limited to the
illustrated six records but each record has its own details. Not only S type but also V
type has its own property in each record. We call the diversity of the ECG morphology as

thefidentityo of the ECG.

Fig. 5-1-1. lllustration of ECG identity.

Apparently, a global classifier is not able to handle the identity well and thus
leads to low classification accuracihe joint patient specific setlB4] also introduces
interferences during training. For example, in the training of the AMC for patent

207, there is no S typappears in the first 5 minuteBhus, all the S types are borrowed
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