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1 Introduction

Nowadays, we frequently rely on various types of appliances or gadgets, such as computers, copy
machines, mobile phones, microwave ovens, refrigerators, air conditioning and television remotes,
smoke detectors, infrared (IR) thermometers, turning on and off lamps, and fans, which help us
interact with the physical environment. Many of these applications perform their task with the
help of sensors [9]. For example, driving healthcare monitoring with IoT and wearable devices is an
application that uses medical sensors to measure the driver’s data during driving. The application
calculates the data in real-time and performs different tasks to assist the driver’s well-being, such as
providing and displaying data to a health professional and performing decision-making employing
artificial intelligence. Internet-of-Things (IoT)-assisted wearable sensor systems are becoming
pivotal in healthcare applications, as they can connect information from different sectors into one
application through innovative technologies [7].

The basic layout of a Healthcare Monitoring System (HMS) is a sensor (or sensors) that,
most of the time, is wearable [30]. A sensor is defined as a device or module that aids in detecting
changes in physical quantities, such as pressure, heat, humidity, movement, force, and an electrical
quantity, like current, and thereby converts these to signals that can be detected and analyzed [9,
37]. The sensor is the heart of the measurement system. The sensor’s data are sent to the cloud via
a communication protocol like Zigbee, Bluetooth, Wi-Fi, or others [4]. These data are then sent
via a communication layer to the data center for further processing. For emergency awareness,
the same data is visible in real time to the doctor, patient, and the patient’s caretakers.

IoT wearable devices have increased drastically over the years, not only in the healthcare field
but in many other verticals. The combined use of hardware, electronics, and software programs
makes improving and achieving many results for a patient’s healthcare possible. Undoubtedly,
these devices are already part of people’s lives, such as fitness trackers that monitor a person’s
pulse, movements, sleep schedule, etc. When the person adds valuable information to the device,
such as its weight, height, and age, it is possible to calculate metrics such as the number of calories
they have burnt, the altitude of the highest points they have been to, or the number of stairs they
have climbed or descend. Some of the most common IoT applications in healthcare are activity
recognition, stroke rehabilitation, blood glucose monitoring, cardiac monitoring, respiration
monitoring, sleep monitoring, blood pressure (BP) monitoring, stress monitoring, Alzheimer’s
Disease monitoring, cancer patient monitoring, and medical adherence.

The technology used in Internet of Medical Things (IoMT) applications differs significantly
from one application to another, depending on what the application requires. Over the years, sev-
eral JoMT projects have been tested and built with various tools. For hardware, there are many
components available in different categories. On the other hand, the panorama is like software and
revolves around functionalities related to saving and charting data. Sensors such as the Passive In-
frared (PIR) sensor, Electrocardiogram (ECG), Radio-Frequency Identification (RFID), and
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BP sensor are some of the many used in several prototypes [22, 23]. Moreover, microcontrollers
are an essential part of these projects. Some examples are the Raspberry Pi, Arduino, STM32 Mi-
crocontroller, ARM7, Intel Galileo, and others [17, 26, 27, 42, 49, 52]. A heartbeat monitoring ap-
plication uses An ECG sensor to measure and graphically represent the heart’s electrical activity.
It is used in most healthcare systems to detect heart conditions and helps identify chest pain and
other common symptoms. The research in [44] deals with anomaly detection in the ECG readings
taken, using filters, and calculating the energy variances.

In terms of comfort and safety of the user, a wearable device should be comfortable enough so
that the person wearing it can use it throughout the day. Hence, the device should be lightweight,
ergonomic, water-resistant, skin-friendly, and durable. Safety should also be a priority in wearable
sensor development. Together with the devices, sensors should be safe to be worn. Wearing them
should neither have any side effects nor be harmful to the body in the long term.

This systematic review sought scientific works related to driving healthcare monitoring with IoT
and wearable devices applications, published between January 2010 and May 2024 in the following
scientific databases: PubMed Central, Multidisciplinary Digital Publishing Institute (MDPI),
IEEE Xplore, Association for Computing Machinery (ACM), ScienceDirect (i.e., Elsevier) and
Springer. It was possible to find a wide range of technologies through the studies found. However,
the focus of this systematic review was the presence of technologies for measuring the driver’s vital
signs during a driving situation. As an outcome, it was possible to verify the correlation between
the most used methods and the most used features and the potentialities and limitations of the
studies. It is worth mentioning that the found results will be used to improve the application and
minimize the identified limitations by integrating efficient and accurate wearable technologies.

Despite substantial research in this field, existing literature reviews, such as those by [14, 54,
57], and [5], predominantly emphasize general healthcare applications, digitalization, and IoT in-
tegration without addressing the unique challenges and specific applications pertinent to driving
environments. While these reviews acknowledge the potential of IoT and wearable technologies,
they frequently overlook their crucial role in monitoring driver health, where real-time health data
can significantly enhance safety and well-being. This systematic review seeks to address this gap
by conducting a targeted analysis of healthcare monitoring in driving contexts using IoT and wear-
able devices, thereby providing novel insights into the effective utilization and implementation of
these technologies to improve driver safety and health outcomes.

2 Methodology
2.1 Research Questions

The main questions of this systematic review were as follows: (RQ1) Which methods are used to
detect the individuals’ vital signs? (RQ2) Which sensors are used for the measurements? (RQ3)
How do such measures impact individuals’ performance in a driving situation? (RQ4) Which tech-
nologies could potentially improve the drivers’ security?

2.2 Inclusion Criteria

Driving healthcare monitoring with IoT and wearable devices is being studied for implementation
with different sensors available. Therefore, the selection of the various studies for this systematic
review was performed with the following eligibility criteria: studies that (1) consist of healthcare
monitoring; (2) make use of wearable devices in an IoT environment; (3) benefit from one or more
embedded sensors; (4) present the purpose of the study; (5) characterize the population of the
study; (6) present precise results about a healthcare monitoring application; (7) present original
research; (8) were published between 2010 and 2024; (9) were written in English.
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2.3 Search Strategy

The search approach used the PRISMA technique [43] to discover and analyze the driving health-
care monitoring with IoT and wearable devices-related material published between January 2010
and May 2024. Some of the electronic databases used to search for articles using the Natural Lan-
guage Processing (NLP) toolset automatically were PubMed Central, MDPI, IEEE Xplore, ACM,
ScienceDirect (i.e., Elsevier), and Springer.

The input parameters for the NLP framework were a collection of keywords to potentially find
relevant articles and a list of criteria the identified articles must meet. “Driving healthcare monitor-
ing with IoT devices” OR “Driving healthcare monitoring with wearable devices” OR "Healthcare
monitoring for drivers" were used as search keywords. The program was able to remove any du-
plicates by considering the DOI numbers. The pertinent publications were also found based on the
inclusion criteria and the first keyword search. The reader is referred to the work of Zdravevski
et al. [58] for further in-depth information regarding the elements of the NLP toolbox.

The authors of this systematic review independently evaluated the retrieved articles to check if
they were following the search’s eligibility requirements. The multidisciplinary research involves
experts in computer, electronics, and health sciences. To extract the relevant information about
the analyzed articles and connect them to the automobile security industry, the studies have been
analyzed, their hardware components have been verified, and their information has been mapped.
The search was conducted on November 8, 2022, and updated on September 10, 2024.

2.4 Extraction of Study Characteristics

Table 1 summarizes key parameters extracted from the identified studies, including the publica-
tion year, study location, target population, research objectives, integrated hardware components,
methods employed, specific methodologies used, features analyzed, and the communication tech-
nologies utilized for data transmission and reception. Regrettably, the source code and datasets
utilized in the examined research are unavailable to the public.

3 Results

The NLP toolkit automatically selected 18343 research studies from the various databases, as pre-
sented in Figure 1. The framework could discard 13947 articles by removing 4396 duplicate data
found via the Digital Object Identifier (DOI). By performing an analysis based on the paper’s
title, it was possible to exclude 243 publications. After eliminating 13540 articles based on an au-
tomatic investigation by the NLP toolkit, the remaining 164 articles underwent an abstract exam-
ination. Additionally, after a deeper and more focused analysis of the studies not excluded by the
framework, it was possible to eliminate 99 research studies that were not associated with driv-
ing healthcare monitoring with IoT and wearable devices, nor employ devices, nor are literature
reviews. Finally, the quantitative synthesis and meta-analysis incorporated the final 35 studies.
The 35 selected studies were examined to extract the relevant data, presented in Table 1. The
query performed in this study retrieved papers published between January 2010 and May 2024. As
reported in Table 1, two studies (5.714%) were published in 2023, four studies (11.43%) in 2022, four
studies (11.43%) in 2021, three studies (8.572%) in 2020, nine studies (25.71%) in 2019, four studies
(11.43%) in 2018, one study (2.857%) in 2017, two studies (5.714%) in 2016, three studies (8.571%)
in 2015, two studies (5.714%) in 2014 and the remaining study was published (2.857%) in 2013. Re-
garding the location of the different studies, six studies (17.14%) were performed in the USA, four
studies (11.43%) in the United Kingdom, three studies (8.572%) in Egypt, three studies (8.572%) in
Italy, three studies (8.572%) in India, two studies (5.714%) in Australia, two studies (5.714%) in South
Korea, two studies (5.714%) in China, and the remaining twelve studies were each one (2.857%) in

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



294:5

ic Review

A Systemat

Driving Healthcare Monitoring With loT and Wearable Devices

(ponunuo))
dom S suonjeoridde (NSAM)
sjuoned oy Eﬁw_mnom spoyiowt dryo SHIOMIDN 10SUdS Apog SSI[AIIM  sjuanjed jo .
20g81z ®JEp HDOT mao_m,«u% 2t soxe) A o\:ﬁ%?i (W@J) 193 eIN uoIsoaq 103 diyd & uo HOF omod MO[-eI)N  ejep €9 YIm Pl 9102 [ee] T30
: NG ‘uonR SYO pue  spoyraw Azzng ‘10suas H)T ue ur diyo (W) Sunjep uorswaq or0pedueg uedipueq
g rdr I ISt josereq
UOHE[NITED 93Ty HMEH [EoHSHELS Azzng pa1eI1Sajur U Jo UOTJeIUasaI]
Losuss SOUBSWNIILD
WI9)SAS ULTE[E Te[NOTYIA . U99S2I0JUN PAIAIUNOIUD
PparerSajuy ‘IoAIdS spotjour IOPWO[PNY -IOpUow JIOALIP B USUM SULIE[E }I9e BI[eIsny [81]
V/IN SuSgrs [ejp J ‘I0SUS I9JAWIXO i SIDATI] : 8102
Ppnop e 0] Surriajsuer) QAT)IIPAI] 25N $105U26 SO PUE }SBII0J 0} SUIA)SAS UOTJRULIOJUT ‘u03saIg Te 12 Sueyy
ue Suissaooxd ee o . S[PIY2A pue YIesuw Surjeidajur
’ ' d ~10suas uEsI 10§ wwmﬁovwﬁuﬂaﬁa mw :oﬁ&:ﬁ:ﬁ&,::
sdde-qap jo suorjerado jusweSeurwr ewner}
196 {5901A19s 2AIseAIad JO ut ured[, eumed], € Sunsisse (VAWd)
19G (SIJIAIIS PISeq-qap m_wzacm -~ . sjuady jue)sIssy ?tmmﬂ TedIpaN sjuaryed ESH (€]
oojenig susts ey Quagdy jue)sissy ewmel],  2AndLIOSI( sasse[3-11eWs 2|quL —a:ommom Bmwo 0} moﬂmoﬂonwuﬁ rwnel], RUIS) L102 ‘e 39 13R0I1D)
£901A10s pue juade Juafe sazodxa jety) 103(ox
U0 Paseq 2INJ0)IYIIY ® I9)ORI] BWNBI] A1} JO UOTJRJUISIIJ
- ‘BurIojIUOW J¢ [BLI9)IE I0] SOTUOIIII
0129-(dSN) \?wwEo:E spoyjouw 1094183 auaAtp3a Jo 1ake] pue sorpInyjoIor a8pa-3urnd SI99JUN]OA vSn [6€]
SN [eH2s de [PHOHY [eL1y owm asuodsax [esnsnels Sursuas JIpINJOITA Sursn mo:&v .qubocohuA:: Ayiresay ‘BTUIOJITED) vioz Te 12 o1S131q
[es1aATUn 15 pue ArAnsuas Sty nst 1 Ipr ! I I I I ! ! HEIT)
s Pa[[2-0S Y]} JO UOTILIID)
ovonos oty oLy s R —
ki . ov/o . 0fs . P S, SIAE o P 19[0RIg JTRWIS TOMENE] S IDALIP © Jo yoex) Surdoay 10] wrd)sAs 000°0L ynm - 0202 [LS] Te 19 anx
‘y10039N[g ©9]e11IedH (g  elep I0j aseqejep e ul ‘spotjjaur MOISOTA
X 9IEM)JOS-2IEMPIEY € JO UOTIRIID) josereq
BJEP SIARS ‘IOAISS PNO[D  [BIISIIELIS
ojex uorjerrdsoy juduIdAOW JurInp drp zegesang wo JUSUIUOIIAUD [RIJUIPISIT
114 US&&&EB 10 SUOT}IPUOD \Cm.:ozﬁm stsdeue paseq sy uswdoraas ' Uur EESG:m eA m.::oﬁAEoE 10§ Slooqum[oA pue[od 0202 lez]
- § 2andrrosa JIPION ‘0T¥L : e A T Ayireay z ‘MOMer ‘Te 39 1ofe
ndrossq PION 1av ey Oen] T e
Apog JO SJUAWAINSEIN TojowowDy) NS 2IN109)TYITE WISAS © Jo uoneSnsaAu]
UOT}RIS[I0® S[PON (414)
Apog $20dg AS1aug moT yroojan|g suonjeorjdde areoyjresay
q1d ‘9jel JIedH goummw Ms HWMMM@WA%E MWMMMME I0SUDS J9}oWI0II[IIY ur193-3U0[ I0J WIA)SAS IOSUDS srenprarpuy 3d4Sq ‘orre)  0z02 1815 Uos ﬁwi
©aanjeradwa], oIS p M [POHSHEIS ‘I0SUDS I9JWIIX0 dS[NJ  [LIIPIUL J[qeTIedM B JNOJE UOISSNISI(] Ey oW
Apog 1osuas arnjeradway,
spoyjow saakojdwa 31ys ur A[reInjeu SurAtp
s1ojowrered SJUIWISSISSE QAT)IIPAI] 1osuos uoym JuaurLitedur pajerai-doars STROM eI[ensny [9¢]
V/N Lo o3ue (eaym Surrealg : - areoyjeay - 6102 .
Ie[NOQ TBINO0 JATIP-2I] ‘spoyjoux erouIE A0 8ur10939p 10§ UOTJEUTIIEXD 0z BLIOJOTA T® 39 ey
[esnsnels ’ Shacit Ie[NO0 9ALIP-21d B JO SSAUDATIOAYT
uornedTunuI SpOYIdN
1107 30 2dAL saInyed, SPOYIdIN 0 2dAL arempiel pajerdajuy Apng jo asoding uonjendog uomned0] Teag xadeg

sisA[euy Apnig

‘1 o|qeL

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



J. Baiense et al.

294:6

(ponunuo))
I0SUDS
Ajumoas ejeq ASO ‘I0SUIS G ) I0SUIS 1oy Burzodar
4 : R ‘
. ods curyyroSre (OYVINTI) sisATeue 20ds ‘1030w Surjeams PISE-Ty put '[ooj stsouserp
{[9A9T SSA1IS ) g [eonATeue ejep S1q paseq-pnopd eIsAeejy
. A DOY {(pno[Daon  aanduosaqg {IOSUS [9AD] SSAI)S s[enprarpur .
LT ©aanjeradwa], 251A2p SULIO}TUOW UI[EAY J[qEPU)XD ueyereweS 610z [11] Te 30 JjueT
SIITAIOG oA\ UOZEUIY) ‘spoour ‘10suas arnjeraduwa], Ayireay
Apog ‘g9 ‘oreyg . d[qeream ‘waisAs Sursuadstp ®10Y]
. sisATeue eyep S1q 9ATIOIPaI] Apog ‘10suas
as[n{ ‘ejep DOF . QUIDIPAUI JIBWS B SIPN[OUT Jey])
pue Sunndwod pnoy) Jg ‘10suas a1ey as[ng
) i ad£j0101d pajerdajur ue yo udisaq
£I0SU2s D) ‘oumpIy
2nd I0SUdS DT
20q317 { LNV BIEP DOH -*04s Sunndwod c1osuas ¢0dg ‘1osuas SIIPIOSTP OTUOIYD IM sjuarjed
. ©aanjeradwa] Q¢ ‘spotjour . [¥¢] syuaryed
{(DAN) suony a8pa pue 3oy ‘pno) amjeradud], Apog Y A[I9p[e Iojruow o} (VAAN-TVVH)
Apog ‘areyg . QATIIIPAI] . . 00009 1dA8g [1z] 222
~eOTUNUINIO)) e (vd) wnpriodre Agaay MH {(ddq) 2Amssaxg wryjriodye Apaay-sakeq aareu . 8102 ;
PIPLI-TeaN nowm‘: SO (dN) saheq aareN -spoyiout pooig srjoiserq ® YIIM IoMIurel SUIAT] pajsIsse LA JOSEIED - TEINOSUB)Y UESSEH
‘y0039n[g .,wim . ((roq) sSury yo adpyg [BRSHEIS < rosuas (dgS) 2Inssaxg  juaIquie pLIqAY ) JO UOTIRIUISAIJ [-OININ
MeoH -ddd -ddS poorg a1701s4s
911 uorjeardsoy
(aH1)
91ey Meal [e1]
Jushitau] $S9I)S TIALIP 10939p O oseqered
R UOHEOLISSTL spoyjou porpowr cowumumﬁm,wﬂ.m Hmumw& ﬂ:ovcmu PNOIsAYq '3[y [o7]
V/N pueq {(4s9) [249] 23e3S ssAMG aADIPRI] Tosuas 9O po >oE=.: e sasn Jey) wopsAs HIG-LIN @ TSI 6102 T2 19 VLIN
asuodsax ‘Surrojruowr eyep HOF {SI9ALIp
Suriojruour € Jnoqe uoISSNISIL
unys orueared Suryed
j00d {(OWH) -prred /1
urex§oAuwoxy
-99[4 ‘e1ep DOA
Surrojruowr ajex uonOUNy STY} 10§ PJLIID
JIBSH] {90UBID[0] UOT)OW WO uorjesridde proIpuy oy} sassnasip
wpoojng — Apoq awaIIX7 (991Ap spoyjou cexoures s suoydyewg pue wojrerd a[rqouwr prorpuy s1oAnq ,:u@mam cloz . [1%]
ay) uo pake[dsip 2ouelsIp  QAIOIPAII . L $,9[3009) azImIN JeT]) SUOIEN)IS YI[eay a8unyarg Te 30 [eareroq
B {SdO ‘oumMpIy ‘OuLIewy . .
pue paads ayJ, ‘ejep pue ‘Aoudgdrows ‘A1aJes 10J WaIsAs
19919p 0} I0SUDS JLIqe,] 9]0UIdI ATEME-UOTJEDO] © JO uSIsa(
Aranoe reuttou suorjen)is reuorjerado ur Sursa)
ou ﬁ_ws ?ﬁa%ommm . Teonoexd pajerar pue £3o[outoa)
(amn) ojel Alojeridsar stsAeue 2ENJIO AHZ% ) SOD d[eds-oueu ul SULIO}IUOW Stoaiun[oA puepaIy
pueqapIm  ojer uonjendsay Jo Surrojruoux . Seuud)ue IeUur[J {10SUdS Juejur . €102 [8] Te 10 oz
aandisaqg ajer A1ojenidsar 1oy reper asynd 10D
-enN QWI}-sNoNUNU0)) T Iepel pueqapim eijn pue jnpy
. amn (00s) drgy-e-uo-waysis
{UOTJ09}P SJUSWAOUL d
® Jo JuawdoaAdp pue Yoreasay
159U I2JAWIUD NG
uornedTUNUI SPOYId]
w05 o 2dAL sarnjeay SPOYIdA 0 2dAL arempirey] pajeidojug Apmg jo asoding uongendog  uwoned0] xedx rodeg

panunuo) ‘L jqel

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



7

294

ic Review

A Systemat

Driving Healthcare Monitoring With loT and Wearable Devices

(penumuo))
3 *90UAIJWINDIIO USWOPJE UT SFURYD
o“.wfmwwm douepaduur dwo Sumajap Aq sajer uorjerrdsar
; o.,ﬁu.w mm dino ySIy ‘yuarmd sisATeue orsSIUS m.r_ ssa7. 3oe1) 0} (ONHL) 10)erouag-oueu SI991UNTOA BUIYD [65]
Y P 1oy MOl APAIPRIINGONAL oANduosaq ot o L S a129120qu1) dpowr Surprys AT noyziueyy  ©1% e 32 Bueyyz
w\:o“_ WAS mu% v £q ndino a8ejjoa ySr ~10SU9S UOHENASOY [BI91e] © UO Paseq I0Suas uoneIrdsar
~OIel UOELASoY SSa[aIIM d[qeream € Jo esodorg
(SNNQ@) s¥10M19N urojjerd Surnndwod pappaqura [sv ‘z1]
remaN doaq xordwo) Mhooﬁwuwﬁw [90] B U0 Swr}-[eax ur Suruunt Iseqered
LA AT e1ep DOF ‘swyynose 1q 4q .w Auo .vu:w S10SU3S DT st wnyyuoSe onsouderp Areurumpord DN . Mwbu 1202 e :SM !
Surssasoxd uorjeuriojur spoul ® 9[TyM snje)s yifeay s juarjed ot “Lee ‘e AISPAPN [0 39 neEs
’ : ' [ednsnels : < oo aseqere(y
1[eaY paInseajy T SJORIIXD JBYJ WIIISAS © JO UOIJBIUISIT
ey &t J ! d HIE-LIN
Surures| suryoey Sursn spoyzow $S91)s SUIAJIIUIPT A[}091100 [e1]
KovInooe eje(] S[9A9] 2ATOIPaI 10y anbruyda) 21030 pue J[qEIPI  aseqere( vsn [o1] TR 32
V/N BIEp D04 ssaxs 291y} Surpnpout fspoyow S105US DA © op1aoxd 03 Surtojuow (9IH) 1PNoIsAyg  ‘08bmsQO aroz ZyLrepuryorg
SISATEUE SSaI)S [ENPIAIPU]  [BJTISTIRIS Aydei3orpaedo1}oa[d jo UOISSNOSIq  HIg-LIN
JUSUIIAOWI-WLIE PUE -PURY JINSBIU
01 AnpwoIaaode (g) pue (Vvad)
JUSMIINSBAW SOTI}OU spouour requstia AJIATIO® [BULIDPOIIIA]D SE [ONS) sorewt I (1]
VIN ‘Sur MMHW EYS Aoorshydoypisd mw Mﬂ ® ,mMmmﬁm mnw:,ﬂ oer) 2 samseou [eorBoforsiydoypsd pue 11 pue wﬁa 7 6102 RCEE) Eﬁﬂ
SURPEn 34 pue azes aLg [EonsHElS vd- [ Ped oY Sunyoer} 243 se yons ‘sargojourda) so[ewoy ¢ paiun e 30 21Ny
9[qeIeaM IO SOLI}OW SuTuTe}qO
10J SPOYJAUI 991} JO UOTJRUTIIEXF
JIOSUDS I9JWIX SOOAIP LOT [qeIvam
( ) I0MIDN [eAN . IO Sursn SurIojIUOUr 9JBI 1ILY SUIT}-[edT
2ods Z.anzu-—_ o>=oZ m o oZ . 10d 20106 XVIN pue SuriojTuowr Jeay pajewoIne s
9yey Medl] fetronny 9 -priof spotjour THHN 01d ownpIy 10J P9)BAID ATE S[APOW Paseq-[O] SooeUt vSn [¥2]
WM ormjeroduway, o1 03 1egsuen ered QATIIIPAI] eraured 1g Auaqdsey 1 Ia13InJ oM, ‘sjuanjed snIrABUOI0)) Aexxysoy ‘ueSnyoTy 1oz ‘Te 12 anbey
3uriojruowr arnjeraduwa) o A1raqdsey ‘Aerdstp qO1 : : 22€J019S ¥ T
Apog "~ . Jo yoexn Surdeay pue Surkjmuapr
[eULIDY) dWT)-[edy LA ‘eIoured [euroy}
. ur su)sAs aredyjreay jroddns jery
AL ££88DNV 992845 suorjeorjdde o] [BI9AIS JO UOTSSNOSI(]
dryo 19[0mU0) SUdIrey)
I9)SATRY nwmo_wwwwow% MMMH% SuoT)IPu0d AUuns ur
amjeradwa], AS19ud I1R[0G 01AIDS £ ' £ v L Suruonouny SNONUIIUOD ‘SNOWIOUOINE
LI- M Apog 2odg Sunndwoo pnopo e stsajeut . ﬁﬁwm 5020eXYN s .apou urrojruour Juarjed sjuaneg  1dASq ‘ome) 1202 i [87]
70y 1100 X a aAndiosa@  SQHT HTOSUS IJOUWIXQ a4 d T® 19 Uasyoy
‘ H 03 juos Bje(] SI9jouIeIe 3T 00106XVIN ® 10§ 221nos 1omod Arewrid e se oa1as
oxmboe [ej1A s Judnje 0} A81au2 refos Surrayes 105 poyle
paxr [e31A s Juaneq O 9928dST 1 1 1oty J POUIPIN
pIROq NDNPPON
.“ﬂwnwwahmmm. saanjed,y SPOYIdIN wvocwﬂmw arempirey pajeidojug Apmg jo asoding uonendog uwoneIO] Iedx xadeg

panunuo) ‘L d|qel

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



J. Baiense et al.

294:8

(panunuo))

JOAISS JouLIju]

19}oUIOULId}

[en31p 02981SA (20ds) s[oaa] uorjeInjes

amyeradua], St} UD TONEZEnSIA spourow HOCIGERE RV oowmmmm Poo[q pue ‘231 1eay ‘drnjeradura) solqns wopSury
LI-IA qpoolenyg  Apog o3y . {9IqOUI PIOIPUY [NpOow Apoq saseawr A[snodue)niurs payun 6102 [I3RCEER
. ydern ‘uorjenores [eonsnels QAT .
1reay 2ods s a 0039N[g 50-OH ey} Wd)SAS I0SUds SULIOIUIOUT 3[eaT] urey3g
Juauodwod D pue Jy . . % ) d
(DT ‘I0SUDS AI}PWIIX()  }S0I-MO[ B JO asn ) Jo juawrdoardq
as[nd -OW ourmpry
uordar j10d eouse) oY)
oseqeiep u_;O.NAm%Z ur 081ed SULIDAT[AP Sa[oTY A SUTAJOAUT
. ® UT pa10]s pue A3o[01u0 spotow SJUSPIOE Jo 1aguep Ay} AJjuapl FENEN) SpUeIayION [s¢]
woornd SUSS [BHA 2109 ﬁwB vﬁﬁmwnm 9ATIOIPaI] TOSUSS DOF PUWUHS ) (g ) warsAs Sururep Apreg asn dAL] opaosuyg 610z ‘& 12 BIIOIN
sﬂo R Paseq-(Lo]) s3ury [, Jo Jputayuy
SOAULL -SME LT s[qeradoIajur Ue Jo UOTIBIID)
SIOTAIDP
S Surrojruowr Juaryed s[qeream 10y
(3100) Surdoy Topnp! stsdeue TIOPP-OTIONN  (S99149p 101eupro0d pue yuaned o) ersauopuy [ss]
J10-NO Susts [eA o) pure 221a9p Juoned aandrrosa(g ZEINLS ‘so[npowt Iy $901A9p oM $3s11dw0d 1Ry} uSIsop siuened ‘Sunpueq 910z ‘Te 190 ouoIpy
U} 10} se[npot 41V wASAS (DTA) UOIIBITUNTUIUIOD
Y81y 91qISIA ® Jo Tesodorg
Surssasox
UOHBIUNUIWO0d —MMWM%?«—.@Q ﬁm“@ (Odd)
(1ds) 2avpxa3uy 9)eI 18D ssed _u.nma :.t.o\fmt:m stsheue (@I10) a1 1e0d (Ad) Audeidoussfyadotoyd Sutsn 19sEp vsn od [oz]
[exoydriag H <opOU UOISSIMISUE] oanduosaq  apOIPOJOYJ 00FFAIV [L V03 HESY 5,ApOq UBWINY S} SINSTIW  Jeaqirea] uopduryseyy o OC Te 32 Suonq
[eLIas P T 03 s10suas Tearydo Jnoqe uorssnISI
pUE 9pour UOTI[JY
Md) oun SIOSUISOIq JUIIYIP JO
1ySrom uonexndsiag oumpIy ‘10suas (9dd) 1q U1 J
amjeradwa], . UOTJRUIqUIOD B £q PIJOdJe ST SWIA)SAS  SI99UN[OA
((4S) AIqrsuaixa spoyjouwt urexowsAyardojoyg ©2I0Y] YINOS .
V/N Apog . £ . aIedY)[EaY d[qEIEIM PISE]-IOSUSOIq orewr . 6102 [16] Te1e B
P unys (V) AIqIssad0e [eonsnels {I0SUDS - eonmsod Tuotmeoetd Pk woatpuy
-4EY HESH I3s() ‘sAeire (O1) ardnodourtay g, M .u.z } I ey 02
. ewmdo 9 0Q® UOTJI}STOUId
OL-5dd Pue OL1-008 1082 HOF [rimco =t yfoqe Honestotiod
SOTUI0I)99[ A} £q spotjour ampadoxd
. pastouap ejep paxmboe 9ATIOIPaI] IINOI LI-TA JAd+1'¢  [eOTUI[d & SUIMO[[0] 9JI[ JO SINOT[ OM]  SUIOQMAU . [8¢]
Wt oo P Ood IV 91un Surrojruowr ‘spotjaur y1003aN[q peIT-T DT 18Iy a} Surrojruowr 10§ AGorouroa) 0€ A wemn - v10z Te 19 033199
pue juourres jrewrsg [esnsnels 9[qeIeaM JO ISN AT} JO UOTJRN[BAT
uonedTUNuI SPOYIdN
o) jo adAL saanjeaj SPOYIdIN 30 odAL sxempirey pajersoiuy Apmg jo asoding uoneindod uUOHEIOT Tedax radeg

panunuo) ‘| d|qe|

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



294:9

ic Review

A Systemat

Driving Healthcare Monitoring With loT and Wearable Devices

(panunuo))
2poxoald onxoydoguor A[TeoTUIay 0011993 Jeams dzATeU®
pajurrd-usaiog PpIeoq dTuo1a ; .
. . pue ToyIes ‘9je[nuins A[snosue)nuurs
sed ©amydeo jeams 10§ spotjour £I0SUDS [EITAYIOIIAD SI92JUN]OA vsn [e1]
V/N Ued Jey) 2ITAIP JTIPIN[JOITUX . 2202 .
TedTwayd0103  s39qur Teqid SNAJ 9y} eonsnels U [IIM 30TAID Aqieay 6 “erurojire) Te 10 1e[og
reuwrzoprdo jeams d[qeream
ym pajdnoo samjeay orpinyy yo uorpdrdag SIqBU1STS 108 B 10 UOHEIUASOL
orprmyomNy t1ake] SWAd 1APA2Ions jos B Jo Honeossid
TeuSts 9O oY) pue sI0mIN
AJ1moas uoIssTwsues) suoydirewrg eje( powreN Surzimn (NVIM) eIURWOY
stsAeue . £ sfenprarpur [s1]
NAN e1ep DOF ®Jep 103 Pasn (SNAN) oandiiosa ‘yoremiIewg JI0MIaN vaxy Apog ssapaxrm e ur 0 eoodeN 6102 1B 15 NOUBA
19N ®Ble( powreN hdpsed 10sU2s DT ©jep 10sus Jo xajsuen oy Surpajord TOHIP C -fnp e 1
0] yoeoxdde [aa0u € Jo UOTIRIUASIIT
SI9Y[Y dnp (gqv) pus juoay Soreue
ssed-ySny pue ‘ssed-mof spoyjou epow dryd J262TSAV SIUIWNISUT SEXIT, ) pue uejsned [#5]
moorenid #1Ep OO Y10\ ‘[orguod romod onsnelS  262ISAy dosuss ) dryo o[3urs e Sursn 201a9p Surrojruowr salqns og anpng 8102 Te 12 oIypos
uorsstwsuer} D Ld DD SSI[AIIM J[(EIEIM © JO UOIIRII)
(?20ds) uagAxo jo a3ejuadrad
A3ofouryoa) yjoojenyg £q s[npow uorjeInjes ay) pue ‘drnjeradurd) unys
amjeradurd],  uwononpar uonduwnsuod wm\mooﬁwwﬁw 10039N[{ ‘10SUIS ‘9.1 11y SUIPN[OUT ‘SOLIJAW [I[eaY -
y0039n[g un[s o1y 1omo0 ‘ouoyd arqour s Auo .vmqw amjeradwa] 0281SA SwI}-eal SzZATeUe pue Yoelj ued s109[qns ¢1 . mmh sH 5102 1810 wﬂﬂ
11ed 20ds a1} 0 Juds s1v)aweTRd .mw. uwm ©9qoxq di) 18urg BT} 90TASP IS SSI[IIM PajeIdojur qeiand [e 12 youts
Apoq panseapy [eonsnels ‘NOW V8zTedawy PSB(-pIOIPUY UB PUE [UTULID)
Surrojruour (IO € JO UOTIBJUISIIJ
dg ‘ermjeradura], uonesyrou ysnd srwapued ayy noySnoxy sxoyjouw
unyg BIA SWLIR[Y ‘SUSIS [BIA d do
ey uonjoly  sjuaned Surrojruow 10§ spotjour BORGEN JUIOSCXS 10§ JUSULIEIT SPLASIC 03 pue[Suyg [9]
FHOMIIN DE ey 9s ng e 1 ‘:Nc. Se .u .“Eu sAs O1)STIE: I939WIX() IS0, wstogeld eap Jua1m oy iz syuaed 627 YormIo eeoe ‘Te 39 IayoIr
;%m ﬁw.am P; Ms P QoM ‘U9 [ednsnels PPWIXQ 2S[0d TO8NY 91A19S (M AJN) PIEM [ENLUA YOIMION Te 32 ToyIIg
0B ASoY SONA[PUL PosEq-pnop Arurayewr 9[qrxay € Jo juswkordag
2odg ® se wroyjerd yireay
SI9TeD
Sasn snotrea
‘spotjaut UM SJUSTe) UI-)[INg [BIIASS SBY [eawxoyut wopdury
Steis 9ATIOTPaI] vcmm_us Eﬁm%.ﬁmcmaum sjrsueT) L puy nEED fot] 3
V/N 9OT0A BXO[Y UI-}[INg 201Ap L 1oyeads 99[qe], o o syuonjed $p | : 1207 UeIUeUIeIqnSe[eq
‘spotjjaux 1T} [OI)UOD JJTOA pue ‘Iaxeads . aIyspIogeIS
SATISTSSE PIJBATIOR ITOA . ‘auoydaay
[ednsnels U92I0S B (1M J9[qe] [[ews & Sursn 10 tosad
30 2ouatadxa 2Yj JO UOTeUTUIEX] wt hoamng
uorjedTUNUI SPOYIdN
-0 30 2dAL sarnjeaj SPOYIdIN 0 2dAL arempiey pajeidajup Apmg jo asoding uonendog uones’o] Teax radeg

panunuo) | a|qe]

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



J. Baiense et al.

110

294

V/N

V/IN

y10039n[g

y10039Nn[g

jJuawdAOW }I2N 10399A 1roddng (NNDI)

$91oqeI( T 9dA], TomoJ SSaTased)) ‘10SUIg

20ds ‘a1ey
uonjerrdsoy
dq ‘orey 1redyy

20dg ey
Axoyerrdsoy
1Ry MedH ‘d9S

NNDO ‘(WAS) duryoey

10qUSTaN 1S3IBIN-Y

1saarel AS1ouy ‘A[ddng

9500N[) PAIIMOJ-J[OS

‘suorjenyIs
Aduagrowe urrojur
03 3{10M32U (WSD)
UONBITUNUWIWO0))

STIqoN

10J wd)SAS [eqO[DH
‘s1939wrered esrdororq

S I9ALID 91]} J0JTUOWL

0] $)[20s pue SIA0[3
jrewrg ”.—OT/NSOQ TOALID

ur saueyd Jw)-[eax
193[100 0] aseqelep TOS

‘uonporpaxd (H7) aseyd
AouaGrawrd ue pue
(D) ssepd ysLr a8ern
® Sursn pajenyeas st
uonIpuod s juaned ayJ,

poylow
SATIPaI]
‘spoyjowr
[eonsIels

spotjour
[eonIsTIelS

mﬁOﬁﬁUE
[eonsnels

poyiow
SATIPaI]
‘spoyjewx
[eonsnels

JI0SUIG 2INSsaAI

JIOsuas asoonyH
{(DHL) 10)eIdUD)
JLI}dd[a0ULIdY |,
‘NOW oumpy

008
1IeWG ($9A0[3 JIRWS

NOW
4 [PPOI ¢ 1 A11oqdsey
-ampowr 719 *Nd0
uogerpdeug 2100-1ySrg
LA TomenH N dD S€8
uogerpdeug 2100-1y3rg
‘souoydjrews prorpuy

suryoew SurAo[durd sJUSWIAOUT YOIU
JUDIdYTP 9ZIUZ0091 0} ABIIR IOSUIS
3} uo paseq Jurr yoou Juadyejur
ue Jo Juawdo[aAdp pue ‘sInoraeyaq
SurALp snoraduep 1ojruow
0] (S.L) 10SU3S OLI}O3[30qLI}
a[qeyd3a1)s ‘uaaId e jo udisaq

90.1mos 1amod ssa[pua ue
pue ‘dundooru £319Ua-MO] TOSUIS
9s0on[3 paramod-jos e Sunjerdojur £q
waysAs JUIUIILAI} DTJ2CRIP SNONUTIUOD
AT[NJ S]qe10M B JO UOTJRIISUOWI(]

10 9] Jo 59d0dsoIAS pue
‘SI9J9UWI0II[2008 ‘T0JOW [} saSeuewt
ey} wa)sAs aoejIaul 1ofuassed v
pUE SIEd SNOWOUOINE UT [I[eaY IOATIP
103 193pe3 d[qeIRIM B JO UOTIRIID

3[BIEIM DIOUI IO SUO O} PAUI[ UYM
uonen[eA ysL [eorur]d aNI-SMH
UE IDAT[P PUE BJEp [BITUI[D SUIT}-[ed1
joxdrajur pue ‘ozA[euE JI9[[0d Ued
Jer]) wa)sAs agpa-uo ue jo resodorg

BUIYD

swalqns o1 ‘Surb3uor)
©II0Y]

swalqns ¢ TInog noag
sjuedronjred 'IpUL

Surm 61 ‘Teuua)

Aear

sjuaned 10¥ S

€202

€202

2202

2202

[82] Te 10 onT

[sz] e 30 wny

[o7]
Te 19 ueuUOg

[2]

Te 1° ezualzeq

uorjedTUNUI
-wo) jyo adAJ,

saInjead

SPOYIdIN

SPOYIPIN
Jo adAJ,

arempre pajerdajuy

Apmg jo asoding

uonendog uwoneOO]

Tedx

radeg

panunuo) ‘L a|qel

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



Driving Healthcare Monitoring With loT and Wearable Devices: A Systematic Review 294:11

Records identified through Additional records identified
database searching through other sources
(n=18,343) (n=0)

Identification

Records after duplicates removed
(n=13,947)

Screening

Records screened Records excluded
(n=13,947) (n=243)

Articles' abstracts assessed Articles excluded,
for eligibility with reasons
(n=13,704) (n=13,540)

Eligibility

— Studies included in
qualitative synthesis
— (n=164)

Included

Studies included in
quantitative synthesis
meta-analysis
(n=35)

Fig. 1. Flow diagram of the selection of the relevant studies.

Algeria, Indonesia, Ireland, Malaysia, The Netherlands, Pakistan, Poland, Romania, Russia, and
Sweden. In relation to the considered hardware, ten studies (28.57%) used a ECG sensor, six stud-
ies (17.14%) used a temperature sensor, six studies (17.14%) used an Arduino microcontroller, five
studies (14.29%) used a pulse oximeter sensor, three studies (8.572%) used a camera, three stud-
ies (8.572%) used an accelerometer sensor, three studies (8.572%) used a smartwatch, three studies
(8.572%) used a BP monitor, three studies (8.572%) used an ESP8266, two studies (5.714%) used a
bracelet, two studies (5.714%) used a radar, two studies (5.714%) used a LCD display, two studies
(5.714%) used LEDs, two studies (5.714%) used a GPS sensor, two studies (5.714%) used a Raspberry
Pi microcontroller, two studies (5.714%) used an Android mobile and other hardware components
are distributed by one study (2.857%) each, such as glucose, pressure, smart gloves, smart socks,
thermoelectric generator, MobilEye, steering wheel angle sensor, Nordic Development Kits based
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on RF52832 chip, microfluidic sensing layer of glycol, tablet, smart-glasses, FDM chip, planar ANT,
QFN32 chip, GSR sensor, PV panels, charging controller chip, eye tracking glasses, respiration sen-
sor, PPG sensor, PD sensor, STM32 NUCLEO-F446RE microcontroller, speaker, finger clip probe,
ADS129R chip model, depiction of fluidic device with electrochemical sensor, Snapdragon 835 and
Snapdragon 430. Regarding the features analyzed, the studies showed different kinds of monitoring
measurements, including thirteen studies (37.14%) related to the heart rate, eleven studies (31.43%)
related to the SpO,, nine studies (25.71%) related to the ECG data, eight studies (22.86%) related
to the body temperature, eight studies (22.86%) related to the respiration rate, seven studies (20%)
related to the BP, four studies (11.43%) associated with the vital signs, two studies (5.714%) related
to the skin temperature, and the other remaining studies contained different measurements each
one (2.857%), including ocular parameters, Type 1 Diabetes, Neck movement, body acceleration,
EMG data, GSR, hand GSR, stress level, EDA data, apnea symptom detection, real-time breath-
ing, and electrochemical gas. For a wearable device design demonstration purposes, the choice of
the low-power communication technology that enable the detection of individuals’ vital signs is
of fundamental importance, and a comparison of the communication protocols is in order. Refer-
ring to the type of communication analyzed in the studies, it showed that nine studies (25.71%)
used Bluetooth and BLE technologies (Section 3.1), three studies (8.572%) used Wi-Fi (Section 3.2),
three studies (8.572%) used Bluetooth/BLE technologies and Wi-Fi together (Section 3.3), ten stud-
ies (28.57%) used different type of communication technologies (Section 3.4), such as 3G/4G net-
work, USB-6210, ZigBee, NFC, ANT, SPI communication, OOK, UWB and NDN. Finally, ten studies
(28.57%) did not specify the considered communication protocol (Section 3.5).

3.1 Bluetooth

The authors of [47] developed a healthcare application using temperature, pulse oximeter, ac-
celerometer, microcontroller, BLE module, and batteries for continuous monitoring. The imple-
mentation of the BLE communication protocol enables low-power wireless data transmission be-
tween the wearable sensors and the mobile device, "My Health," which tracks sensor data. This
efficient communication significantly reduces power usage to 2.13 mW and extends the system’s
lifetime by over 46 hours. Additionally, the system incorporates a hybrid energy harvester with
two super-capacitors, a DC-DC boost converter, a thermoelectric generating module, and a flexible
solar panel.

In [29], a wearable gadget was used to track the vital signs of two healthy volunteers at AGH
University of Science and Technology. The device included an ADT7410 digital thermometer and
a respiration rate sensor. The system consisted of two Nordic Development Kits, a data recorder
and a host connected to a PC or tablet via USB. Subject 2 held the client module, while subject
1 wore the health monitoring system prototype. The experiment involved pairing the devices,
sending sensor data samples, and measuring the BLE range. BLE enabled low-power, wireless
data transmission between the wearable device and the host system. The results showed that the
recorded temperature value was accurate, with a maximum distance of 65.7 meters for BLE data
transmission with a group of 10 people and 77.8 meters for line-of-sight.

In [3], the Trauma Tracker project utilizes agent technologies to create PMDA agents to assist
trauma teams in their operations. The Trauma Leader uses a tablet and wearable (smart glasses) to
run the PMDA Agent, which communicates with the GT2 infrastructure and GT2 ubiquitous ser-
vices through BLE. The GT2 infrastructure consists of web-based services installed in the hospital’s
local area network, serving as back-ends for web apps and the PMDA Agent. The primary function
of the PMDA is to record relevant events during trauma management, automate report production,
and enable offline data analysis. Tracking is necessary to utilize wearable technology effectively,
and more involved assistance features are designed. The Belief-Desire-Intention (BDI) agent
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model/architecture is used to create a PMDA that possesses reactive abilities for the Tracking
Level and is prepared for more proactive features for the Assisting Level. Smart glasses for taking
pictures and videos and displaying vital signs have proven beneficial. However, the physical head
mounting of smart glasses is a crucial issue that must be resolved. The current configuration is
stable enough to handle rapid movements. Still, flexibility improvement is needed to enable dy-
namic and seamless movement of the glasses and minimize the effort and time needed to adjust
the device.

The authors of [41] proposed an Android application and location-aware remote system for
safety, emergency, and health scenarios. The system uses the Amarino tool kit microcontroller,
which integrates with Arduino and allows Bluetooth connectivity between the microcontroller
and an Android-enabled mobile smartphone. Bluetooth communication enables real-time, wire-
less data exchange between the Zephyr HR Bluetooth heart rate monitor and the Android ap-
plication. Bluetooth allows seamless integration of wearable sensors and enhances the system’s
responsiveness in critical situations. The Zephyr HR Bluetooth heart rate monitor is suitable for
this application due to its open-source nature and ease of development. The ETS application sends
a signal to an Arduino microcontroller if the heart rate detects abnormalities. The application can
transmit precise location information to a pre-stored number and email address if the user is in an
emergency. The system counts down for 14 seconds before obtaining position data using a GPS
APT if the user does not respond. The converted city and country location data and an alert "This
person is under emergency take necessary action" are delivered via SMS and email and posted on
the registered user’s Facebook page. The program is intended for use by individuals driving a car
and with a mobile phone in a secure location. An embedded accelerometer on the mobile device
detects unusual movement, and the ETS takes action to alert emergency services of the accident’s
occurrence and location. Using the ETS on Android smartphones, the study successfully managed
various emergency scenarios, including heart rate, accidents, and personal safety.

Moreira et al. [35] developed an interoperable IoT-based EWS to identify potential accidents
involving delivery vehicles at the Valencia port. The goal is to enhance semantic interoperability
between EWSs and their constituent parts for efficient emergency response. The Shimmer ECG 3
gadget gathers ECG information from drivers and sends it to an Android mobile app through Blue-
tooth. The European Telecommunications Standards Institute’s SAREF ontology, supplemented
with HL7 Annotated ECG (aECG), sends data to the cloud and publishes it in a broker as RDF/XML
messages. The MyDriving logistics mobile app sends truck information to the cloud infrastructure,
and the Smart Applications REFerence ontology serializes it into JSON messages. The authors are
developing an EWS prototype to verify the framework’s support for interoperability through the
INTER-IoT-EWS. Initial testing shows the solution is sufficient to address the problems, but this is
a work in progress.

The authors of [31] developed a mobile monitoring terminal and Android-based integrated
wireless smart device to track and evaluate real-time health metrics like skin temperature, heart
rate, and oxygen saturation percentage. The system includes a finger clip probe, temperature sen-
sor, Bluetooth module, and ATmega128A microcontroller-based circuit. Bluetooth communication
plays a crucial role in facilitating the wireless transmission of sensor data to the "Heart Rate" app,
which was tested on a Micromax Canvas I, A110 smartphone. This wireless communication proto-
col allows real-time, low-power data exchange between the wearable sensors and the smartphone,
enhancing the device’s portability and ease of use. The study involved 15 participants aged 6 to
64 years. The results showed a strong correlation between the prototype and standard equipment
for measuring skin temperature, heart rate, and SpO;. The system is clinically valuable and user-
friendly due to its small size, low cost, wearability, and potential applications in hospitals, home
healthcare, community healthcare, and athletic training.
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Sodhro et al. [54] developed a single chip-based wearable wireless ECG monitoring device us-
ing Texas Instruments’” ADS1292R chip type. The device includes real-time continuous ECG mon-
itoring and respiration monitoring channels. The device uses BLE, a CC2540F256 wireless Micro
Control Unit, and a 1 Mbps physical data rate. BLE ensures efficient data communication between
the wearable device and other connected systems, making it highly suitable for prolonged usage
without frequent battery replacements. A Right Leg Drive driver circuit with lead-off detection
and a medically graded test signal was constructed using these channels and the AFE. Bilinear
transformation was used to create notch, high-pass, and low-pass filters to eliminate noise from
ECG data. The energy-Efficient Transmission Power Control (ETPC) algorithm was verified
during ECG data transmission. Thirty people without a history of cardiovascular disease partici-
pated in the study. The experimental findings showed that the low-pass filter reduced power-line
noise levels and artifacts better, while the high-pass filter outperformed the notch filter.

Pazienza et al. [2] proposed an on-edge system for analyzing and interpreting real-time clini-
cal data to evaluate EWS-like clinical risk when linked to wearable medical devices. The system
splits the learning problem into two simpler ones, allowing it to choose the most practical con-
figuration while correctly differentiating between low-urgency and emergency cases. The system
uses two Android smartphones as simulators and two terminal devices with BLE communication
to communicate with a single edge node, the Raspberry Pi 3 Model B. The configuration file al-
lows for parametrization of the maximum number of devices and time window for collecting vital
signs. Real-world data from 401 patients was collected, and experiments were conducted with two
alternative sets of vital signs. The AdaBoost classifier was the outperforming method for risk clas-
sification when dealing with 6 and 5 vital signs. At the same time, SVM, RF, MLP, XGB, and ADA
were comparable in accuracy, precision, and recall for 4 vital signs.

The authors of [40] developed a wearable device for autonomous vehicle driver health and pas-
senger interaction systems. The device is affixed to the vehicle driver and can control the vehicle’s
motor operation, accelerometers, and gyroscopes. Bluetooth technology links the wearable sen-
sor to an integrated system, transmitting the data to cloud-based electronic healthcare services
through the global network. The experiment involved around 15 participants and explored the
benefits of Intelligent Transport Systems (ITS). Smart gloves and socks are wearable sensors
to monitor the driver’s biological parameters while driving. The device also measures driving style,
fuel drop rate, and acceleration rate. The collected data is sent to cloud electronic healthcare ser-
vices via the GSM network and is used to inform emergency healthcare centers of the accident’s
location. The system integrates an SQL database to collect real-time driver behavior and charac-
teristics changes. The experiment involved drivers traveling 460 km in 6 hours, taking three dis-
tinct routes, and covering various aspects of driver behavior and vehicle functionality. The results
showed that driving experts from the industrial sector are better able to withstand critical condi-
tions, and their biological signals are more stable than cab drivers. The proposed model achieved a
72.54% match with the existing database’s data for driver biological features, effectively identifying
error profiles and updating a new SQL database with tested feature samples.

3.2 Wi-Fi

The proposed integrated prototype comprises a wearable health monitoring system, smart
medicine dispensing system, cloud-based big data analytical diagnosis, and Al-based reporting
tool [11]. The system uses a battery, GPS, GSR, Arduino microcontroller, ECG, pulse rate, BP, body
temperature, stress level, sweating, peripheral capillary oxygen saturation, and body temperature
sensors. The monitoring system is equipped with Wi-Fi to transmit the readings to the medicine
dispenser, which then forwards the data to the cloud and handles emergency case notifications.
The SMART automated drug distribution system and wearable health monitoring gadget interact
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through a personal area network and handshake protocol. A user interface is created to access
and update physiological signal recording and medication dispensing information. Two analytical
algorithms are developed to categorize, gather, and evaluate health data for individuals or all per-
sons on the cloud. The captured data can be linked with the Electrical Health Record (EHR) to
retain patient history. The system offers a user interface for obtaining generated reports and fur-
ther decision-making analysis. The prototype was tested on a limited number of healthy people
aged 20-29 to ensure its functionality. The system monitors body temperature, prescribes fever
medicine, and measures ECG for emergency actions.

In [48], a solar energy harvesting approach is presented in (2021) to provide a main power source
for an independent continuous operation of a patient monitoring node in sunny conditions. The
device consists of an IoT wearable sensor node, a solar energy harvester, a MAX30100 pulse oxime-
ter sensor, two LEDs for heart rate and SpO,, and a MAX30205 body temperature sensor with a
resolution range of 37-39 °C. The NodeMCU board, which integrates an ESP8266 microproces-
sor and Wi-Fi connection, is also included. The IoT wearable sensor node operations flowchart
involves initializing the body temperature and pulse oximeter sensors, setting up the 12C connec-
tion protocol, initializing the Wi-Fi chip, and accepting the NodeMCU board. The NodeMCU reads
critical sensor data and transmits it wirelessly to the Ubidots cloud service. The sensors are turned
off, Wi-Fi is turned off, and the NodeMCU is put into sleep mode for 55 seconds. The patient’s
heart rate, blood oxygen saturation, and body temperature are continuously measured, resulting
in a continuous operation of 28 hours using 20.23 mW of power.

The authors of [24] developed two IoT-based models for automatic temperature monitoring,
measuring, and real-time heart rate monitoring using wearable IoT devices. The first version in-
cludes a temperature monitoring node with an ESP8266 processor, an AMG8833 IR thermal camera,
and a TFT LCD. The data is sent to the cloud while connected to a Wi-Fi network. The Raspberry
Pi serves as the processing unit, and the system uses the eigenface method to recognize subjects’
faces and calculate their thermal profiles. The second model incorporates a device for continuously
measuring SpO; and heart rate, using a combined ESP8266 and Arduino Pro Mini. The MAX30102
pulse oximeter and heart rate monitor sensor are integrated into the node, and the I2C bus links it
to the Arduino Pro Mini board. A sequential CNN model is suggested for identifying X-ray pictures
to prevent overfitting. Two more CNN models were created for the comparison study, with overall
accuracy of 97.5%, 93.75%, and 95%, respectively. The suggested model (Model 1) outperforms the
other models in terms of accuracy.

3.3 Bluetooth and Wi-Fi Together

The proposed Diagnosis-Steganography-Transmission (DST) architecture for health monitor-
ing and diagnosis uses a distributed wireless network of wireless sensing equipment to moni-
tor a patient’s health status [50]. The quality-conditioned ECG signal is transmitted using Joint
Steganography-Source-Channel Coding. The data is then sent to a Base Station (BS) using low-
energy Bluetooth connections. Deep Learning models are used in smart devices to process the
measured health data and transmit it via Wi-Fi to a medical cloud for long-term archival and ac-
cess by caregivers and medical decision support. An algorithm to recognize ST-segment changes
in the ECG is necessary to diagnose CAD patients. The proposed USE approach delivers minimal
distortion and good security protection for patients’ data. The system achieves large energy sav-
ings by only transmitting when there is an abnormality in the physiological signal identified by
a CNN-based ECG classifier. The USE method secures patient information while maintaining low
WWPRD (less than 0.44%).

The authors of [38] developed a wearable device for tracking a newborn’s first 2 hours of life
using a clinical procedure. The device utilizes Bluetooth 2.1+EDR to transmit signals to an access
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point via an SPP (Serial Port Profile) connection. The access point is a commercially available
device that receives data from the Bluetooth SPP connection and forwards the packets to a desig-
nated TCP-IP port. For convenience, the TCP-IP connection is established through a router using a
Wi-Fi connection. The clothing is hypoallergenic, soft, and pleasant, allowing skin-to-skin contact
with the mother without restricting caregivers’ activities. The monitoring unit, consisting of two
automated snaps, was attached to the infant during bonding. The device continuously recorded
one ECG lead and tri-axis accelerations for 17 hours at a 128 Hz sample rate. The study included
30 babies with gestational ages between 38 and 41 weeks. The study found 21 successful record-
ings and 1 unsuccessful try due to the monitoring device’s low battery. The average percentage of
high-quality signals was 75.8% and 18.9 SD (median 85.6%). The clinical experiment received high
user compliance and acceptability marks, particularly from mothers and family members. These
findings suggest that introducing such a system into hospital practice would be highly usable and
anticipated.

In [1], the authors developed a cheap medical technology health monitoring sensor device to
assess the body’s temperature, heart rate, and blood oxygen saturation levels (SpO3). The pulse
oximetry sensor uses spectrophotometry to determine the proportion of oxygenated blood levels
by calculating the ratio of oxygenated hemoglobin to deoxygenated hemoglobin. The integrated
sensor system tracks body temperature, heart rate, and SpO, and displays the data on an LCD. The
measured vitals are relayed to an Android mobile device through Bluetooth and the Internet via
a Wi-Fi module, creating an Internet-of-Things platform. Light-emitting diodes with 640 and 940
nanometers wavelengths are used for the sensor portion and heart rate monitor. The system uses
the Bluetooth module HC-05 and Arduino Bluetooth terminal application to transfer data to the
Android phone. A doctor or staff member remotely monitors the system and updates vitals through
the ESP8266 Wi-Fi module to the internet in a cloud-based system. The study involved five people
and showed encouraging results, with a high error percentage of 3.25 percent compared to medical
thermometers and a maximum variance of 2% compared to commercially available ChoiceMMed
pulse oximeters.

3.4 Other Protocols

In [57], the authors developed a hardware-software system for tracking a driver’s health using
an IoT-based remote health monitoring system. The system comprises wearable tech, an Android
smartphone terminal, and a cloud server. Personal health data, such as ECG, BP readings, and
heart rates, is collected, processed, and transmitted via wearable technology. The Android mobile
terminal receives and displays the data, while the cloud server stores it for further analysis or med-
ical diagnoses. The Huawei Smart Bracelet’s interaction with the SDK ensures data transmission
to the Android mobile terminal. The health assessment module notifies users of arrhythmias or
abnormal BP, while the user module handles registration, login, and personal information. The
disease prediction module predicts cardiovascular disease based on physiological measurements
and machine learning. The random forest algorithm has the best prediction accuracy (72.26%).

In [39], a microflotronic arterial BP monitoring system has been developed, featuring a small,
flexible, wearable pressure sensor with sensitive microfluidic components. The sensor’s top and
bottom flexible polyethylene terephthalate membranes are patterned with orthogonally aligned
indium tin oxide (ITO) transparent electrode arrays, forming the functional structure. The mi-
crofluidic sensing layer is ethylene glycol, and polymeric micropillars are a support structure. The
microflotronic device has two essential characteristics previously considered obstacles in commer-
cial arterial tonometry systems. First, its remarkable transparency (more than 80%) makes posi-
tioning over the pulse measurement point simple. Second, the redundant matrix of pressure sen-
sors provides a wide buffer for horizontal and vertical misalignment errors. This design addresses
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the challenges in existing devices by providing transparency and ultra-flexibility and allowing for
alignment error. The sensor operates at 1, 10, and 20 Hz pulsed mechanical loads, with a pass band
of up to 20 Hz, enabling quick tracking of BP readings.

A fuzzy decision-making (FDM) chip and a wearable textile electrode are combined to create
an ultra-low power ECG chip for WBSN applications [32]. The ECG System-on-Chip and FDM
chips are developed, with the ECG on-chip containing a QRS detector, control circuitry, processing
interfaces, and a 12-bit SAR ADC for signal conditioning. The proposed healthcare architecture
consists of two components: the main unit, which includes wearable textile electrodes, an ECG
front-end chip, an FDM chip, a controller, and a ZigBee transceiver, and the remote unit, which
can be a smartphone or computer with a USB interface. The primary device wirelessly transmits
ECG data to a remote unit, with the ECG data delayed by internal low-power microcontroller
memory. The FDM module can forecast human health status using ECG data, and the system
checks its condition and sends an alarm signal if it is abnormal. The accuracy of the fuzzy-based
ECG classification has been proven reliable, with over 95% of effective early detections. The device
has been tested against a reference high-quality measurement system, demonstrating sufficient
accuracy and acceptable differences between key ECG parameters for clinical use.

The authors of [21] proposed a hybrid ambient assisted living framework using the naive HAAL-
NBFA for monitoring older adults with chronic illnesses. This architecture uses biological and
ambient sensors to gather data on elderly patients, utilizing theloT. The HAAL-NBFA uses con-
text states to predict patient health conditions, and the smart hospital manages patients remotely
through various Edge-of-Things (EoT) layers. The Patient Local Monitoring Module (PLMM)
collects and stores data from EoT layers, while the Patient Cloud Monitoring Module (PCMM)
provides a knowledge repository for the patient’s health state. The Dual Classification Mod-
ule (DCM) combines local and cloud-based components, allowing for a classification model that
forecasts the patient’s health condition based on the context state. The HAAL-NBFA is reliable,
quick, fault-tolerant, and appropriate for monitoring elderly patients with chronic illnesses like
BP issues. The model accurately forecasts health status by considering surrounding circumstances
and behaviors.

Another study proposes the use of a sensor that considers a fully integrated analog front-
end (AFE) and an LED driver to measure human heart rate [20]. The sensor has two operational
settings: transmission mode and reflection mode. The hardware consists of an AFE4400 chip, a
photodiode, and a dual LED with wavelengths of 660 nm (RED) and 905 nm (IR). The data is ana-
lyzed to determine the heart rate, using a sixth-order Butterworth band pass filter in Matlab. The
method will be implemented on an FPGA platform after testing for functionality. The PPG signal
will undergo three phases of DSP, including pre-processing, processing, and post-processing. The
pre-filter module produces the zero-mean signal needed for the filter to function, and the filtered
signal is sent through a peak detector circuit to identify peaks. A series of manual heartbeat ob-
servations are used to test the design, and the heart rate recorded on the wrist agrees with the
experimental findings.

The authors of [55] propose a wearable patient monitoring device using VLC. The system con-
sists of coordinator devices and patient devices, with IR for uplink schemes and visible light for
downlink schemes. The system uses OOK modulation, the most straightforward available. The de-
vice uses two Analog Front-Endmodules for the coordinator and the patient device, with the visible
light receiver and IR LED driver modules. The visible light receiver has a trans-impedance ampli-
fier, high-pass filter, band-notch filter, amplifier, and comparator circuits. The middleware layer’s
Service Access Point (SAP) function connects the application and optical layers. The middleware
comprises the medium access control layer (MAC) and the physical layer (PHY). Changes in
frequency and distance determine the system’s signal characteristics. The optical frequency for IR
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light is 1500 Hz, while for visible light it is 25 kHz. The clock synchronization mechanism allows
the receiver to receive data without being aware of the transmitter’s frequency setting.

The Norfolk and Norwich University Hospitals Trust established a flexible MVW service to care
for expectant mothers during the pandemic [6]. The MVW monitored patients using wearable
devices or finger pulse oximetry. Between October 2021 and February 7, 2022, 429 patients were
referred to the MVW. The wearable collected vital signs, including oxygen saturation, respiratory
rate, pulse, mobility, and skin temperature. A 3G network sim card connected the equipment to the
Current Health cloud. The MVW discovered pregnant patients who tested positive for COVID-19
through hospital discharge, direct contact with a patient in the neighborhood, and positive swabs.
The MVW had 1,182 bed days and a mean stay of 6 days. One patient required escalation to critical
care, while 15 needed hospital treatment. No deaths were reported. The MVW provided monitoring
and reassurance for pregnant women and peace of mind for obstetricians.

The authors of [15] presented a novel approach for safeguarding data transfer in a WBAN using
NDNs and ECG signals. The authors exploit the built-in capabilities of these networks to safely
send private health information to the cloud, which is then made available to interested parties
like doctors. The method encrypts the data and offers a quick and easy authentication mecha-
nism between devices in the WBAN using characteristics of the ECG signal. The proposed body
area network comprises sensors and actuators that can detect and decipher ECG signals. Health-
related data is sent to a smartphone via a wristwatch, with mutual authentication required for
all sensors. NDNs encrypt communication between the cloud, wristwatch, and smartphone. The
ECG morphological analysis algorithm used for feature extraction is a two-step process, with the
ECG signal processed using a mean filter, denoised before morphological analysis, and compared
with a reference ECG signal. NDNs ensure safe transmission and easy modification of information
dissemination techniques. The ECG signal is also used as the starting point for creating symmetric
keys for content encryption, providing an extra security layer.

A wearable wireless respiration sensor based on lateral sliding mode triboelectric nanogen-
erators (TENG) has been developed to track breathing rates by detecting changes in belly cir-
cumference [59]. The system consists of a wireless communication system, a sliding mode TENG
sensor integrated into a wearable bilayer belt, and the belt itself. The deformable belt components
support the abdomen’s expansion during respiration and restore force during abdomen contrac-
tion during inhalation. The device’s straightforward design and use of common materials make it
inexpensive and simple to manufacture, potentially aiding its marketability. A wireless transmis-
sion system for signal transfer is created using an ADC, a microprocessor, an ANT, and a battery,
with real-time respiration information displayed on a mobile phone. A series of real-time moni-
toring experiments confirmed the device’s viability as a respiratory sensor. Two volunteers, aged
22 and 24, were asked to evaluate the smart belt’s sensitivity to various respiratory rates. The
electrical signals produced by the TENG sensor were effectively detected for the two volunteers
while breathing in distinct rhythms. Fast Fourier transforms (FFT) findings showed that the
TENG sensor can detect respiratory rates and apnea symptoms, demonstrating its potential for
marketable marketing.

Zito et al. [8] developed a SoC UWB pulse radar for monitoring respiratory rate on nano-scale
CMOS technology. The radar uses a board with two planar ANT for transmitter and reception,
and a 90 nm CMOS radar. The pulse generator emits electromagnetic pulses with a period of a
few hundred picoseconds and a pulse repetition frequency through the transmitting ANT. The
Low Noise Amplifier amplifies echoes picked up by the receiving ANT after a delay equal to the
pulse’s flight time. The radar uses 73.2 mW of power. The sensor’s functionality was established
through functional and field operating testing. The radar can follow reflecting objects for motions
of up to 2 cm at 70 cm and 45 cm on adult and newborn volunteers. The findings demonstrated the
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radar’s ability to detect sub-centimeter chest motions, enabling continuous real-time monitoring
of respiratory rate associated with normal activities, including apneas.

3.5 Protocol Not Specified

In [36], the study aimed to use a vehicle’s Driver Monitoring System (DMS) to monitor and
extract various ocular metrics, including mean blink duration, averaged eye closures duration,
percentage of time with closed eyes (PERCLOS), time spent with eyes closed for at least 80% of
five minutes, average long eye closures, eye closures duration > 300 ms averaged over a minute,
and behavioral microsleeps. Twenty healthcare professionals from Austin Health’s Intensive Care
Unit and Emergency Department in Melbourne, Australia, participated in the study. Participants
recorded their drives, subjective tiredness, near-misses, and accidents. Participants also mentioned
difficulties staying awake, resting their eyes, braking suddenly, fixating on objects, being dis-
tracted, hitting roadside rumble strips, drifting in the lane, pulling over for a nap, and swerving
violently. The predictive factors for lengthy average closures were approximately 120 travels.

The authors of [18] developed a methodology to connect mHealth and the vehicle information
system to anticipate and alert alarms when long-distance motorists encounter unforeseen circum-
stances while driving. The integrated system immobilizes a vehicle safely and provides real-time
alarming notifications for current and anticipated emergencies to drivers and related parties. The
model incorporates various sensors in mobile health and vehicular applications, such as BP moni-
tors, distance, radar, ultrasonic, proximity, and speed sensors. Smartphones link mHealth networks
with various sensors and monitoring equipment to vehicle networks. In an emergency, the system
can trigger alarm notifications and actuation, forcing the vehicle to stop and turn off the engine
while sending an alarm to the appropriate parties. This proposal allows for predicting sudden
health conditions, such as heart attacks, by comparing current health data against pre-defined
thresholds. Alarms can be sent to medical professionals and other parties without interfering with
traffic flow.

The authors of [46] proposed a monitoring system for detecting driver stress using an improved
random forest classification technique. The system analyzes and tracks a driver’s ECG signal while
operating a motor vehicle to determine their stress level. Seventeen drivers participated in the ex-
periment, with phase one using ECG signals from the MIT-BIH PhysioNet Multi-parameter Data-
base. Phase two involved reducing data sounds using sophisticated denoising methods. Phase three
identified 17 significant points from the annotated ECG signals using interval characteristics and
T-wave-related properties. Phase four marked the beginning of the classification process, allow-
ing varied stress levels to be predicted using pooled ECG signals. The system applied standard
Random Forest and SVM to an Enhanced Random Forest for comparisons. The results showed the
effectiveness of the proposed classifier, with the best accuracy of 97.02% with a fixed number of
trees of 914. The accuracy for the short dataset (with a 90% split) for Enhanced Random Forest
with a fixed number of trees at 932 is 96.33%.

The authors of [19] explored three methods for obtaining metrics from wearable technology:
eye tracking, psychophysiological measures like EDA, and arm and hand movement accelerom-
etry. The E4 wristband provided real-time measurements of participants’ heart rate, inter-beat
intervals, EDA (4 Hz), and skin temperature. Eye-tracking glasses allowed participants to move
freely while performing procedures, capturing temporal and spatial metrics. The study also in-
cluded playing cards on an LCD screen for visual stimulation. The cards accurately recognized
were compared to all stimulus cards presented using lab cameras and eye-tracking film. The re-
sults showed that novices had 2.8 years of experience, while specialists had 19.9 and 5.9 years
of experience. Simulation-based training was more familiar to experts, with 86% and 43% of par-
ticipants having never used the VIST-Lab simulator. The study suggests that eye tracking may

ACM Comput. Surv., Vol. 57, No. 11, Article 294. Publication date: June 2025.



294:20 J. Baiense et al.

be helpful in the automated evaluation of interventional cardiology trainees using a high-fidelity
surgical simulator.

Bichindaritz et al. [16] developed a system for accurately identifying stress in drivers of cars us-
ing ECG monitoring. They used the MIT-BIH PhysioNet Multi-parameter Database and extracted
14 fiducial point interval features from the annotated ECG signals. The system used multiscale
entropy to examine the signal’s entropy, which gauges its degree of chaos and complexity. The
algorithm moves forward in two stages, averaging samples in length windows and computing the
entropy for each coarse-grained time series. The study found that J48 (decision tree) on LOOC
(68.66%) and Random Forest and J48 on 10-fold cross-validation (62.69%) achieved the maximum
accuracy. The K-Star algorithm approaches 100% accuracy with a 90% split, which is adequate for
a small data set. Random Forest achieved 1 with a 90% split and.832 in 10-fold cross-validation.
MLP surpassed Random Forest following feature selection, with the greatest performance on 74
features due to its ability to distinguish between features.

The authors of [51] emphasized the importance of optimizing biosensor positioning for high-
accuracy measurement and robustness in wearable healthcare systems. They adjusted the place-
ment locations of two biosensor arrays: the ECG-TC array and the PPG-TC array. The PPG-TC
array consists of PPG and TC sensors. In contrast, the ECG-TC array includes an ECG sensor
for heart rate and a TC sensor for body temperature. The biosensor signals were converted to
digital form using an Arduino Uno Rev3 microcontroller and collected using a Python real-time
data-gathering application. Twenty healthy male volunteers were used to assess heart rate and
body temperature at 34 important locations on the human body. The study found that biosensor
placement location significantly impacts monitoring precision, indicating that healthcare systems
utilizing wearable devices must be situated on the ideal body region. This technique enables high
accuracy and reliable functioning of wearable device-mediated healthcare systems rather than re-
lying on advanced biosensor technology.

After developing a wearable sweat epidermal microfluidic device, The authors of [13] have de-
veloped a device that can stimulate, collect, and analyze sweat electrochemically. The device com-
prises three primary layers: a thin PDMS layer, microfluidic elements combined with pillar inlets
for sweat collection, and an iontophoretic electrode and gel. The device was tested on nine healthy
volunteers before and after ingestion of carbohydrate-rich meals. Blood glucose levels were tested
before and after meals using commercial fingerstick glucose strips. The integrated device success-
fully measured glucose levels, and the connection between the results and the associated blood
glucose levels was strong. Control studies were conducted during fasting to evaluate the sensor
performance further. The device’s selectivity in the presence of potential sweat-interfering elec-
troactive analytes (ascorbic acid, lactic acid, acetaminophen, and uric acid) was proven in vitro. The
device’s performance was evaluated using a 12-hour fasting condition and blood glucose testing.

The work from [25] aimed to develop a continuous healthcare system for type 1 diabetes that
can operate for a long time without running out of energy. They combined a low-energy microp-
ump, self-powered glucose sensor, and continuous power supply to achieve this. The micropump
is connected to a water reservoir and a flowmeter, while the glucose sensor is connected to an Ar-
duino board. The system demonstrated that glucose concentrations can be continuously monitored
and voltage values responding to the same concentration are consistently similar. They also used
glutaraldehyde to ensure the stability and durability of enzymes coated on microneedle surfaces.
The results indicate that a true continuous healthcare system can be realized with low-energy
actuation and monitoring supported by long-lasting energy feed from the patients.

The authors from [28] proposed a stretchable and eco-friendly sensor called NH-TES, made
from a NaCl/PVA hydrogel. They also designed a smart neck ring using NH-TES to monitor neck
movements with the help of machine learning. Adding a sodium chloride solution to the PVA
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Fig. 2. Map representation of the number of studies and their locations.

hydrogel significantly increased the sensor’s sensitivity, output voltage, and current. The neck ring,
worn around the neck, detects muscle movements like head turning, coughing, and speaking. It
sends these signals to a data acquisition card, which converts them into digital signals for computer
processing. Three machine learning algorithms—KNN, SVM, and CNN—were used to classify these
movements, achieving the highest accuracy of 96.10%. This system effectively minimizes external
interference and has potential applications in monitoring driver status.

In [10], the authors examined the effects of a pilot service redesign using the Alexa Echo Show
8 voice-activated device to enhance health and wellness. The device is a small tablet with a screen,
speaker, and voice control that transmits personal digital help with various uses. The study in-
volved patients and unofficial caregivers from the Burton diabetic patient network, Home Instead
Senior Care, and a GP office in Northern Staffordshire. The survey had an 88% response rate, and
the assistive equipment was well-received by both patients and caregivers. The diabetic focus
groups found that 34% of patients used the device for general assistance and 32% for help specific
to their diabetes. The remaining patients had different illnesses. Nearly 91% of patients used the
device daily. The study contributes to understanding the possibilities of assistive technology for
empowering and assisting social and health care, particularly during the COVID-19 pandemic. By
encouraging shared care between care providers and service recipients, assistive technology may
play a crucial role in ensuring the sustainability of health and social care delivery.

4 Discussion
4.1 Interpretation of the Results

After comprehensively analyzing the 35 studies previously described, we synthesized results across
the various parameters delineated in this review. Figure 2 depicts the geographical distribution of
these studies, offering insights into global research trends and regional emphases in the applica-
tion of IoT and wearable devices for healthcare monitoring. Notably, the majority of the studies (6)
were conducted in the United States, underscoring the country’s prominent role in integrating ad-
vanced technologies into healthcare systems. This predominance can be attributed to robust fund-
ing opportunities, a well-developed infrastructure for research and development, and the strong
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presence of technology companies and healthcare institutions. Similarly, with four contributions,
the United Kingdom demonstrates a significant commitment to this area, reflecting the nation’s fo-
cus on digital health innovation and public healthcare initiatives. Additionally, three studies were
conducted in Egypt, India, and Italy, suggesting a growing interest in wearable healthcare tech-
nologies within these regions. This trend is likely driven by the need to address specific healthcare
challenges, such as improving access to and the quality of care for diverse and often underserved
populations. Countries like Australia, China, and South Korea, each contributing two studies, also
exhibit emerging engagement in this field. The remaining countries, each represented by a single
study—including Algeria, Indonesia, Ireland, Malaysia, the Netherlands, Pakistan, Poland, Roma-
nia, Russia, and Sweden—highlight the global interest in leveraging IoT and wearable devices for
healthcare monitoring. However, the limited number of studies from these regions may indicate
challenges such as restricted research funding, lesser prioritization of IoT in healthcare, or other
external factors that may impede research development in this area.

Figure 3 presents the distribution of hardware components employed across the analyzed
studies. The most frequently used hardware is the ECG sensor, which has been featured in 10
studies, underscoring its role in monitoring cardiovascular health. This is followed by tem-
perature sensors, pulse oximeters, and Arduino microcontrollers, each utilized in six studies,
reflecting their application in collecting and processing physiological data. The Bluetooth
module, appearing in five studies, enables wireless data transmission for real-time monitoring,.
Multiple hardware components were employed in three studies each, including accelerometers,
cameras, smartwatches, body temperature sensors, ESP8266 microcontrollers, BP monitors, and
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smartphones. These devices enhance the system functionality and expand the scope of health
monitoring capabilities. Moreover, the specialized hardware was utilized in two studies: tablets,
GPS sensors, radar sensors, respiration rate sensors, SpO, sensors, LEDs, LCD displays, and
Raspberry Pi microcontrollers. Finally, several unique hardware components were featured in
individual studies, including devices such as the Huawei Y7 smartphone, Snapdragon CPU,
electrochemical sensors, ADS129R chip, finger clip probes, ATmegal28A MCU, speakers, STM32
MCU, photodiodes, PPG, Wi-Fi routers, wireless transmission chips, EEG sensors, eye-tracking
glasses, charging controller chip, flexible photovoltaic panels, NodeMCU board, GSR sensor,
sweating monitor, stress level sensor, pulse rate sensor, heart rate sensor, Amarino, QFN32 chip,
planar ANT, FDM chip, ultrasonic sensor, Microfluidic sensing layer of ethylene glycol, RF2832
chip, steering wheel angle sensor, thermoelectric generator, glucose sensor and, MobilEye, and
various smart components such as gloves, socks, and glasses. These specialized components
highlight the diverse approaches explored to address specific healthcare monitoring challenges.

Figure 4 presents a comprehensive synthesis of the type of methods employed in the reviewed
studies, classifying them into three main categories: statistical methods, predictive methods, and
descriptive analysis. Statistical methods are the most prevalent approach in 21 of the 35 studies.
They are critical for validating the effectiveness and reliability of wearable devices and IoT appli-
cations in healthcare monitoring. By processing and interpreting extensive datasets from sensors,
these methods enable the identification of patterns, correlations, and trends in physiological and
behavioral data. Predictive methods, employed in 17 studies, reflect an increasing focus on using
machine learning and artificial intelligence to foresee and mitigate potential health risks. These
techniques involve developing models to predict future states or events based on current and his-
torical data. Although less common, descriptive analysis, used in 9 studies, plays a foundational
role in research by providing a detailed account of the collected data. This approach is often used to
describe the characteristics of participants, the study context, and the functionalities of the devices
tested, offering a crucial initial understanding that informs further analysis and interpretation.

Interestingly, it was found that none of the methods used in the studies analyzed in this article
was present in multiple studies. To that end, every study examined implemented a unique kind of
method explicitly designed for its application.

Figure 5 offers a detailed summary of the features analyzed across the selected studies. Heart
rate and pulse rate, although classified separately, refer to the same physiological parameter, with
a combined presence in 15 studies, emerges as the most analyzed feature, underscoring its signif-
icance as a key indicator of cardiovascular health and stress levels, both of which are crucial for
ensuring driver safety. SpO,, or blood oxygen saturation, is the second most frequently analyzed
feature, appearing in 11 studies. Its inclusion reflects its importance in monitoring respiratory
efficiency and detecting hypoxemia, which could impair driving performance. ECG data, utilized
in 9 studies, provides valuable insights into cardiac activity, enabling the detection of arrhythmias
or other cardiac abnormalities that may compromise the driver’s ability to operate a vehicle safely.
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Fig. 5. Bar representation of the number of studies for each of the features used.

Each featured in 8 studies, body temperature, and respiration rate also play significant roles.
Body temperature is a potential indicator of infection or other health issues, while respiration
rate is a critical parameter for assessing respiratory health and identifying conditions such as
apnea. BP, measured in 6 studies, offers insights into both chronic conditions like hypertension
and acute stress responses. Additionally, vital signs, comprising body temperature, BP, pulse,
and respiration rate, were specifically evaluated in 4 studies, highlighting their comprehensive
utility in health monitoring. Lastly, the skin temperature feature was utilized in 2 studies. Various
features are unique to only one study, such as an electrochemical gas, motion rate, voice, real-time
breathing, apnea symptom detection, EDA, eye tracking, stress level, DBP, SBP, hand GSR, foot
GSR, EMG, body acceleration, Type 1 Diabetes, neck movement, and the ocular parameters. The
overlap among these features suggests that effective driver health monitoring does not necessitate
the independent measurement of every parameter. Instead, a core set of features—heart rate,
SpO2, ECG data, and key vital signs such as BP and respiration rate—can provide a robust and
reliable system for monitoring driver health. This subset offers a comprehensive cardiovascular
and respiratory health assessment, which is critical for determining a driver’s readiness and
capability to drive safely. Although features like body acceleration, stress levels, and eye tracking
are less frequently used, they can offer supplementary information in specific scenarios, such as
monitoring driver fatigue or distraction.

Figure 6 provides an overview of the communication technologies employed in the analyzed
studies. Bluetooth technology is the most frequently utilized, appearing in 11 studies. Its preva-
lence can be attributed to its availability, ease of integration, and suitability for short-range data
transmission in wearable devices. Wi-Fi, featured in 6 studies, is the second most used technol-
ogy, offering robust connectivity and higher data transmission rates. This makes it well-suited
for complex health monitoring applications that require real-time data transfer to remote servers.
BLE, employed in 3 studies, is a power-efficient alternative to traditional Bluetooth, making it ad-
vantageous for continuous monitoring scenarios where battery conservation is crucial. ZigBee,
ANT, and 3G networks are each utilized in 2 studies. Other communication technologies, includ-
ing NDN, OOK, SPI, UWB, NFC, and 4G networks, are represented in single studies, suggesting
that while these technologies may offer specific advantages, their application in the context of
healthcare monitoring in driving scenarios is less extensively explored in the existing literature.
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Fig. 6. Bar representation of the number of studies for each type of communication used.

Fig. 7. Relation between the features and the methods extracted from the various studies.

4.2 Comparison of the Different Studies Analyzed

Figure 7 presents a comprehensive heat map visualization depicting the interrelationships between
the various features and methodological approaches analyzed in the reviewed studies. This visual
representation underscores the prominence of heart rate as the most frequently utilized feature,
while simultaneously illustrating the diversity of methods employed across different investiga-
tions. These methods encompass database integration, advanced algorithmic frameworks, deep
learning applications, and specialized analytical techniques, each playing a critical role in har-
nessing the multitude of features explored.

Figure 8 illustrates the relationship between the types of methods and the hardware compo-
nents used across the reviewed studies. It reveals that predictive and statistical methods are pre-
dominantly employed compared to descriptive analysis, reflecting their importance in deriving
actionable insights and data-driven predictions. The heat map also highlights the ECG sensor as
the most frequently utilized, indicating its critical role in monitoring cardiovascular health. This
prominence suggests that ECG data is pivotal for developing advanced predictive models and con-
ducting detailed statistical analyses to drive healthcare monitoring.
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Fig. 8. Relation between the type of methods and the hardware extracted from the various studies.

Lastly, Figure 9 presents a heat map of the relationship between different types of methods and
the specific methods employed in the reviewed studies. This visualization demonstrates the pre-
dominance of statistical and predictive methods in most applications. Statistical methods provide a
robust framework for identifying trends and correlations within the data that are indispensable for
data analysis and validation. Additionally, predictive methods are pivotal in the machine learning
and deep learning applications integrated in the studies. The integration of these techniques con-
tributes to the refinement and optimization of the presented methodologies, thereby improving
their effectiveness for real-time health monitoring and intervention in driving scenarios.

As shown in Table 2, the studies presented in this review provided benefits and limitations
related to their application. By analyzing these trade-offs, it can benefit from several possibilities
to develop a new driving healthcare monitoring with IoT and wearable devices.

Based on the analysis of Table 2, a common advantage across the reviewed healthcare moni-
toring applications is evident: the use of wearable and mobile devices equipped with integrated
sensors to collect user data continuously. This data is then automatically transmitted to a central-
ized database via wireless technology, enabling real-time management and analysis. Such systems
are designed to provide actionable insights to healthcare professionals and users, facilitating timely
interventions and informed decision-making.

An important aspect to consider from the limitations analyzed in Table 2 is the use of artificial
intelligence technologies for the application, that is, an algorithm implemented to improve the
data accuracy and assurance. The application can process raw data, eliminate noise, and generate
precise and meaningful information, which is critical for health monitoring. Additionally, robust
testing and validation of these systems are essential to ensure error tolerance and reliability in
real-world applications, as the system must operate accurately under varying conditions. This
highlights the importance of developing monitoring technologies and ensuring their dependability
through rigorous testing.

4.3 Comparison with Previous Literature Reviews

It is vital to analyze previous literature reviews and discuss some aspects presented in them to the
ones related to this review. Using the NLP framework, it was possible to filter the relevant articles
from 11031 articles that were considered literature reviews and related to healthcare monitoring.
To that end, the framework successfully found four literature reviews.

The analysis by [56] showed that the article relates mainly to digitalization and large-scale data
analytics in healthcare. The initiatives toward personalized medicine and the political initiatives
designed to shift care delivery processes are some of the topics presented in the article. As discussed
in this review, the topics shown in [56] do not relate to Driving healthcare monitoring with IoT
and wearable device applications. However, [56] addresses continuous monitoring of healthcare
applications by wearables and stationary devices. Therefore, it is important to define how these
applications could be used for personalized medicine, such as Al technology that assists the user
with his medication.
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Fig. 9. Relation between the type of methods and the methods extracted from the various studies.
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Table 2. Study Benefits and Limitations
Paper Benefits Limitations
Most of the naturalistic driving in this study occurred in
urban locations, where lane departures may be caused by
everyday driving habits (such as avoiding barriers or
strategically changing lanes) or distractions, which are not
For effectively predicting driving impairment and noticeable in controlled laboratory, track, and highway
Mulhall impaired alertness during the commute in night shift  driving situations. This is corroborated by the observation
et al. [36] employees, a pre-drive ocular evaluation showed that behavioral microsleeps were connected with all
potential. drowsiness measurements, but lane deviations were not
correlated with subjective driving or alertness measures.
This may suggest that lane deviations are not the most
accurate indicator of sleep-related driving impairment in
realistic driving situations in urban settings.
The suggested system might be implemented directly with
. I0T applications fi i hi LA
The sensor system offers a transportable option for ol applications or amore integrated arc itecture
Mohsen . - - flexible solar panel’s power performance might also be
continuously monitoring acceleration, heartbeat, SpO,, - . T
et al. [47] tested at different bending angles, indicating the
and body temperature. o .
conditions under which the system would operate at
maximum efficiency.
The development boards and commercial modules utilized
The difficulty of delivering dependable wireless data ~ might not offer enough electrical characteristics based on
Kajor etal.  transfer while meeting the low-power requirements for the power consumption of sensor data collector nodes
[29] the wearable device was confronted by an AAL system with BLE communication. As a result, a custom board
based on the nRF52832 IC and biosensors. with special electrical circuits would be required to boost
the designed system’s performance.
A health monitoring 'system base’d on th'e . Although a few algorithm models were examined for this
Internet-of-Things can monitor the user’s physiological LS
Yue et al. ) . ! system, no official integrated one has yet been created.
parameters in real-time. The outcomes might be Lo . . .
[57] . . . . Therefore, further testing is required to determine which
incorporated into an intelligent system to guarantee - . o
L . is best for real-time applications.
driving security.
A low- ~ ive : - ‘
low-cost, non-invasive hemodynamic monitoring A simple, low-cost technology that may be used at the
system that can be worn comfortably for long periods and . . -
s . . . . point of care will considerably enhance access to
doesn’t require a highly experienced operator is now . . . .
- . . . hemodynamic analysis and help in the early detection and
Digiglio possible thanks to the microflotronic sensor array. By . . .
- . . . prevention of heart disease. Furthermore, by making
et al. [39] monitoring a unique collection of hemodynamic . S . .
R, . human investigations more viable, a reliable and
parameters to test for CVD and give individualized health . . )
. . . . . simple-to-implement system might enhance the study and
information, such a device might promote customized - .
standardization of hemodynamic parameters.
therapy.
This technol. h h f . .
is technology enhances the accuracy of trauma This study needs to be improved, for example, by
recording, automates report preparation (and . . - . .
. - . . integrating more capability to provide real-time support
maintenance), and allows offline data analysis, which . e
to the trauma leader and team while fully utilizing the
helps assess performance and enhance the work of the s .
. . " system’s hands-free features. The automated production
Croatti trauma team. This is advantageous for the "augmented .
1w of alerts presented on the smart glasses regarding
et al. [3] hospitals" concept, where software personal agents enable . -
. . instances where the trauma leader may wish to be
technologies such as augmented reality, wearable . . A . .-
) L . . . informed without necessarily interrupting her activity
computing, and ubiquitous computing to build unique . o .
. . . s flow is another sophisticated feature currently being
smart settings to assist healthcare professionals implemented
individual and collaborative work. P '
A system to foresee and alert alarms when a long-distance The system presents some l1m1t§t1ons 1n terms of software
) . . development and, as such, it can be improved by
motorist encounters unexpected problems while traveling - i .
. . . . developing and verifying an algorithm to define the
by fusing mHealth and vehicular information systems. By . -
. thresholds of each personalized health data to determine
. comparing the present health data to pre-defined . - - .
Jin Kang thresholds of the user’s health state. it is possible fo even the abnormality levels, and this would be in consultation
et al. [18] i P with the health experts and physicians of the user (driver).

forecast a sudden health condition, such as a heart attack
of the driver, using the continuous monitoring and
inference system of mHealth wearable devices and vehicle
Sensors.

Additionally, several restrictions must be overcome,
including those relating to database administration, data
collecting, analysis, and visualization, as well as mobile

app development and support clearances.

(Continued)
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Table 2. Continued

Paper

Benefits

Limitations

Pandiyan
et al. [32]

The patient can benefit from a number of features of this
gadget, including its portability, user-friendliness,
extended battery life, and ability to wirelessly send
continuous ECG data to a distant station for thorough
diagnosis. The FDM chip is integrated with ECG on Chip
to make decisions and alert patients when necessary.

N/A

Zito et al.

(8]

This UWB sensor may be used in various biological
settings, including observing infants in cot beds, hospital
patients, and other people at risk of obstructive apnea. It

may also identify abrupt driver sleepiness early on in
automobiles. Other significant applications made possible
by this contactless sensing technology include fitness
tracking and individualized healthcare for independent
and healthy living.

N/A

Dorairaj
et al. [41]

Using Google’s Android mobile platform, this emergency
monitoring system demonstrated a notable presence in
several emergency scenarios and the ability to take the
appropriate steps. With regards to heart rate, accidents,

and personal safety, the ETS on the Android mobile
successfully handled emergencies.

This program is made to manage urgent circumstances
and take appropriate action. As a result, having a reliable
and secure system is essential for handling urgent
circumstances. However, the system must be tested in a
real car to ensure the vehicle can stop as intended. Signal
loss is one of the problems with utilizing GPS, in these
cases, a terrestrial navigation system or an aerial platform
can be added to this system to enhance performance.

NITA et al.
[46]

A strategy for stress detection has been discussed,
investigated, and assessed in this article. To provide a fully
automated and effective procedure, this technique
proposes an Enhanced Random Forest method that
combines conventional Random Forest with a Simulated
Annealing algorithm to identify three degrees of stressed
out automobile drivers using ECG data. According to the
results, it was possible to accurately identify the driver’s
high levels of stress compared to the rest time (there are
two degrees of stress: low and high).

Monitoring and identifying each person’s unique stress
levels is crucial for preventing numerous accidents and
saving countless lives on the highways. Therefore, this
system has to be improved to examine the accuracy of the
delivered findings to prevent the erroneous detection of
driver stress status.

K. Hassan
etal. [21]

The HAAL-NBFA framework has demonstrated its
capacity to properly forecast elderly patients’ health
condition in real time while monitoring them remotely at
their residences. Instead of giving up their few beds, smart
hospitals may utilize the HAAL-NBFA to monitor their
patients remotely and in real time. The results of this
study show that HAAL-NBFA is reliable, quick,
fault-tolerant, and appropriate for monitoring elderly
patients who live alone and have chronic illnesses like BP
problems.

Cloud-based IoT healthcare solutions must overcome
several obstacles to manage the large amounts of
healthcare data that the IoT generates. Comparing the
system reported in this study to other suggested models, it
demonstrated greater speed and accuracy. However,
changes must be made in order to optimize the system,
such as the use of various algorithms for the selection of
characteristics. The framework may also be used to
monitor various illnesses and include more context states.

Latif et al.
[11]

This research presents a fresh technique and develops an
IoT-based prototype. The system offers ongoing health
status monitoring and analysis and automatic, real-time
emergency action that may ultimately save lives. It also

gives information on pharmaceutical effects, side effects,

and the patient’s health state. The system can also provide
reports and dates that include suggested choices for the
doctor regarding medication doses, frequency, etc. In
order to provide prompt care for the patient, the IoT-based
cloud-application Rx expert system may also connect with
close friends, nearby neighbors, and emergency contacts.

The integrated prototype was built and tested on a small
number of people to ensure it is operating according to
expectations. It comprises of a wearable expandable
health monitoring system. However, a wider population of
people in various circumstances must be tested to see the
proposed system’s full potential.

Mohsen
et al. [48]

This device demonstrated how a patient monitoring node
may operate independently and continuously in both
bright and gloomy situations using solar energy collecting
technology. The testing findings demonstrate that the
wearable node can operate for more than 28 hours without
a mains recharge, representing a significant improvement
in power usage and battery life. The Ubidots IoT platform
also keeps track of the sensor node’s physiological data.

In healthcare applications, the remote monitoring of
moving patients depends on wearable nodes that should
be mobile. Additionally, the suggested approach works
well for mobile applications that allow a battery
independent from the mains. However, the system’s
environment must be expanded to include several
wearable sensor nodes to assess the device’s battery life.
The suggested node can also be expanded to include more
biomedical sensors.

(Continued)
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Table 2. Continued

Limitations

Paper Benefits
This study includes two distinct IoT model designs for
thermal monitoring. These models do an initial screening
for the COVID-19 virus and provide heart rate monitoring
Haque et al.
[24]

this model are rated at 97.5%. The comparison analyses
reveal that the suggested model (Model 1) outperforms
other models in terms of F1 score and overall performance.

The latest worldwide epidemic can be stopped in its tracks
by mass testing and early COVID-19 diagnosis. Effective
monitoring and treatment are also crucial in the battle
against this. That said, this system produced excellent

for patients who are at risk. The accuracy and precision of outcomes. It hasn’t been tested in any way on patients,

though. This model has to be further developed and put
through clinical trials for use in clinical diagnosis. This
model must become better as more data becomes
available.

This research advances the creation of sensor-based smart
theaters and the "quantified physician" for the assessment
of operators and trainees, as well as maybe for the
continuous automated analytical feedback to individuals
and teams to enhance performance. This exploratory
study successfully highlighted several novel factors that
merit further investigation for determining proficiency,
including dwell time on screens, fixation transition
frequency between screens, SD of EDA signal, and card
acknowledgment rates (when using an additional task to
assess attentional capacity).

Currie et al.

[19]

Despite the laboratory and virtual reality simulator being
fairly precise, these results were not obtained with actual
patients in a real clinical environment. Furthermore,
because psychological realism is so challenging to
reproduce, it could never be able to simulate a situation
accurately. This becomes a limitation for this study since
it is anticipated that measurements gained in simulation
settings may be applied in real-world circumstances.

The study concentrated on monitoring ECG, which is now
possible with minimally invasive wearable sensors and
patches. The findings of this study open up the prospect
of monitoring and diagnosing an individual’s stress level
and alerting users appropriately to avert mishaps brought
on by excessive or extended stress.

Bichindaritz
etal. [16]

The technology created is effective and offers a solid

mechanism for precisely identifying stress, for instance, in

car drivers. The proposed tailored signal classification
analysis may also be used to other stressful scenarios,
addressing issues like older people’s failing health,

weariness in factory employees, field athletes, and soldiers

in combat zones.

This work developed an original integrated DST paradigm
to reduce transmission overhead and enable real-time
diagnosis. One advantage of this study is an
energy-efficient transmission of physiological signals in
mobile wireless networks. Further energy savings come
from diagnostic depth, which determines the amount of
bits that must be broadcast based on the severity of the
patient’s condition.

Sahu et al.
[50]

It is suggested that diagnostic, steganography, and

transmission activities be combined on a single platform,

leveraging their natural connectedness that is based on

Unequal Error Protection (UEP). But simulations were

used to evaluate this system. Therefore, validating and
testing the suggested system in a real-world setting is
essential.

A wireless respiration sensor that can be worn around the
waist was created to track the real-time respiratory health
of people going about their daily lives. A series of
experiments were conducted with two volunteers to
examine the device’s viability, accuracy, and sensitivity to
various people, varied breathing rhythms, and various
active states to confirm its applicability in real life. The
gadget was shown to be useful for both real-time breath
monitoring and the diagnosis of apnea symptoms.

Zhang et al.
[59]

An established theoretical model was used in the study to
confirm the device’s viability as a respiration monitoring

sensor, and a series of mechanical tests were used to

examine the sensor’s output performance. The findings
show the wearable sensor’s potential as a novel method of
identifying real-time breathing rates. Although the system
was tested and confirmed by volunteers, a larger portion
of the population must be included in the application test

to create an effective system and assess its performance

under various conditions.

This study demonstrates how a clinical procedure may be
applied to wearable technology for monitoring a
newborn’s first two hours. According to the system’s
results, wearable biomedical sensors deliver great results
in terms of dependability, but problems in the wireless
connection and control room software have been found
and fixed. The clinical experiment showed highly strong
user compliance and acceptance scores, especially from

Perego
et al. [38]

Based on the tests that were run, the system produced
excellent results. However, a more robust system for
battery power management and effective software is

required due to a few failures during those tests, such as
the device’s low battery and software issues. Additionally,

a strong and safe presentation of the system is crucial
since users of this kind of program frequently express

mothers and relatives, indicating great usability and high some degree of distrust if it is not demonstrated to be 100

expectations from adopting such a system in hospital
practice.

percent secure.

(Continued)
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Paper Benefits

Limitations

The study’s technique enables biosensor arrays to operate
with great precision and reliability while monitoring vital
signs taken by wearable device-mediated healthcare
systems. Instead of creating cutting-edge biosensor
technology, this outcome was accomplished by improving
the positioning of existing biosensors.

Ha et al.
[51]

Even though the equipment operates with high precision
and reliability in its current state. Working off the device’s
placement location also makes it fully dependent on it.
Additionally, techniques for biosensor arrays must be
developed to avoid this boundness due to their design and
placement.

Wearable technology that continuously monitors heart
rate has the potential to enhance fitness and healthcare
while lowering the risk of cardiovascular illnesses. This
study specifically focuses on realizing this advantage for
society by creating an FPGA platform utilizing the
hardware description language (HDL) to interface
with optical sensors based on PPG.

Duong
et al. [20]

In this study, a VHDL-based controller was designed and
implemented that is suitable for the Texas Instruments
AFE4400, a PPG-based optical cardiac monitoring system.
However, a peak detection technique was used to identify
heart rate for the processed data set, integrating the
experimental findings. Therefore, efforts must be
undertaken to evaluate the system in clinical settings and
adapt it by adding an accelerometer for ambulatory
heart-rate measurement.

As it includes a VLC system design for a wearable patient
monitoring device, the system created for this study has
the capability to perhaps assist the doctor in monitoring

the patient’s condition.

Adiono
et al. [55]

Based on the testing done for this research, the VLC
system provided showed remarkable and pertinent
performance. However, the system must be tested and
validated in a real-world setting before being evaluated
and implemented in actual healthcare systems.

The semantic integration of various data sources,
processing in time-critical applications, and data analysis
for optimal responses are only partially covered by
current ideas for IoT-based EWS. To promote
interoperability inside and amongst IoT EWS, the
SEMIOTICS architecture suggested in this study employs a
variety of modeling languages, ontologies, and
technologies. An EWS prototype is now being constructed
to test this framework and is being used to look for
accidents in the Valencian port.

Moreira
et al. [35]

The SEMIOTICS framework has been created to be broad
enough to be utilized in different emergencies. A method
to deal with the Quality of Information (Qol) at the
network level, including a Grubbs’ test for outlier
identification and a statistical algorithm that can
categorize anomalous or false sensor results, are still
missing from the framework.

A low-cost embedded IoT health monitoring system is
built and developed using an Arduino Uno board. The
technology accurately determines the body temperature
and heart rate. The device will continuously monitor
people’s vital signs, particularly those of the elderly living
at home.

Ali et al. [1]

Compared to a commercially available ChoiceMMed pulse
oximeter, the pulse oximeter used in this study provided
excellent findings; a maximum variance of 2% is seen,
which is acceptable. Additionally, the device successfully
determined the patient’s body temperature and heart rate.
Despite the positive outcomes demonstrated, this device
does not yet come with a reliable and portable design that
patients can use without worry.

Both patients and caregivers strongly accepted the
technology since they were eager to use it. Reminders for
hospital visits and prescription medicine led to increased

adherence and treatment compliance, according to the
results of the patient’s answers. Most patients said that
Balasubramanihny improved their independence and productivity. The
et al. [10] gadget also reduced loneliness and sadness for those
living alone. It also made it easier for people to take
charge of their health and welfare. Second, the caregivers
felt the gadget enhanced the patients’ physical and
emotional welfare.

The study’s small sample size was restricted to a single
region of England, which may have reduced
generalizability to other places. The convenience
sampling approach was used to enlist the participants by
selecting available respondents to the researchers. As a
result, there could be some selection bias. Using
probability sampling approaches in future studies with a
bigger sample size might assist in combating this bias.

Patients, medical staff, and the hospital system all
benefited from the MVW. For expectant mothers who
tested positive for COVID-19, it provided surveillance and
confidence. It provides some continuity, which raises
satisfaction and lowers intervention rates. In addition to
providing a "third option" between primary care and
admission, it was a safety net that reduced stress on
hospital infrastructure and general practice.

Bircher
etal. [6]

Identifying clinical leaders, triage standards, technological
choices, and flexible pathway establishment is necessary.

(Continued)
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Paper

Benefits

Limitations

Singh et al.
[31]

To assess the saturation percentage of oxygen, heart rate,
and skin temperature for ubiquitous healthcare
applications, this article has detailed the design and
implementation of a wireless vital sign monitoring system
based on Android. It has shown that the prototype that
was created produced trustworthy outcomes.

The method produces decent results, but it might be
strengthened in several ways to get around its flaws. For
instance, optimizing the hardware configuration can
decrease the physiological measuring system constraint.
Power consumption is another restriction that may be
lessened by using the IEEE 802.15.6 protocol for wireless
data transfer.

Sodhro
et al. [54]

Experimental results demonstrate that the developed chip
collects real-time ECG data more accurately and
efficiently than conventional TPC (e.g., constant TPC and
Gao’s and Xiao’s methods), and the proposed ETPC
algorithm achieves a higher energy savings of 35.5% with
little channel reliability (as indicated by packet loss ratio)
compromise.

According to the results, the constructed system showed
promise in the tests conducted. It was critical to confirm
its consistency and dependability by testing it on a
substantial sample of clients. To evaluate how well it
functions in diverse circumstances, broadening the testing
to a bigger population is essential.

Ivanciu
etal. [15]

In this research, an innovative NDN-based approach is
suggested for safeguarding the transfer of sensitive
health-related data from a WBAN to the cloud. A
wristwatch serves as a hub for communication with the
cloud and a smartphone and receives data collected by the
WBAN’s sensors. A straightforward approach in the
WBAN uses hash codes based on ECG data to achieve
inter-device authentication.

In addition to securing the transmission, this system
employs NDNs to provide readily adjustable mechanisms
for dissemination. However, the suggested solution does

not incorporate full NDN capabilities, which may be a
significant upgrade. The solution might be expanded for
sensors that are momentarily unable to measure the ECG
or are not designed to do so.

Bolat et al.
[13]

This study’s invention allowed for the collection of
stimulated sweat without dilution or contamination from
the iontophoretic gels. Different volunteers can use the
optimized iontophoretic and detection settings.
Monitoring sweat glucose showed the device’s detection
capabilities and a strong connection with blood glucose
readings.

By adopting enhanced inlet adhesion to the skin,
epidermal iontophoretic microfluidic devices such as those
described in the article can be further refined. This might
prevent sweat leaking from the inlet collecting region,
reduce filling time, and, as a result, reduce time lag.
Pilocarpine can be swapped out with long-term sweat
stimulation medications like carbachol to extend the
device’s useful life.

Pazienza
etal. [2]

The article suggests an edge architecture in which an edge
device uses the patient’s current vital signs collected from
wearable medical devices through IoMT and the top
machine learning model to forecast a clinical risk level
resembling EWS. As a result, the Ada Boost classifier
acted as the outperforming approach for risk
classification, and ADA’s accuracy, precision, and recall
performances were on par with those of ADA.

This research compares machine learning techniques
under various sets of crucial parameter circumstances and
selects the best one for the job. A more complex industrial
on-edge solution that can collect, analyze, and interpret a

greater number of real-time clinical parameters and
evolve to ensure reliable predictions and understandable
explanations needs to be developed. This is true even
though the system has been tested using many
populations.

Ponnan
et al. [40]

The research discusses how driver behavioral changes
impact the performance of intelligent vehicles through
wearable sensors. The integration of wearable devices can
swiftly access nearby medical facilities, providing timely
assistance in case of a medical emergency. The system
analyzes the impact on driving skills and determines
which age group of drivers is best suited for handling
multiple services simultaneously, contributing to more
tailored driver training programs.

The research on ITS utilizing wearable devices to monitor
driver health offers numerous advantages. However, it
also faces limitations due to dynamic biological factors,

which make it difficult to consolidate the necessary
training features for future ITS development. The link
between driver behavior and car performance quality
presents a challenge in creating a standardized model that
can be universally applied.

Kim et al.
[25]

The study presents a new approach to a continuous
healthcare system for type 1 diabetes. This approach

ensures that the healthcare device can operate indefinitely
without needing battery replacements, which is crucial for
continuous health monitoring. The self-powered nature of

the sensor eliminates the need for external power sources,
reducing maintenance and improving reliability. As a
result, the system reduces the risk of device failure due to
power depletion, ensuring reliable long-term operation.

The study has some limitations that need to be addressed.
These include the small sample size of subjects, which
limits the generalizability of the findings, as the
experiments were conducted on only two subjects. More
extensive testing with a larger and more diverse
population is necessary to validate the system’s
effectiveness across different user groups. Additionally,
the performance of the TEG is highly dependent on
temperature differentials. Variations in ambient
temperature, such as those experienced during indoor and
outdoor experiments, can affect power generation
efficiency.

(Continued)
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Table 2. Continued

Paper Benefits Limitations
The research article discusses developing and using green
and TES to monitor dangerous driving behaviors. This ~ The system may face challenges when wearing the TES
sensor is beneficial for traffic safety as it can identify for long periods. Drivers might find the neck ring and
dangerous situations and prompt appropriate reminders  other wearable components uncomfortable, which could
Luoetal.  to the driver. The system monitors various driver statuses,  lead to inconsistent use or hesitance in adopting the
[28] such as neck movements (turning, nodding, coughing),  technology. Environmental factors such as temperature

fatigue levels, concentration levels, and health conditions.
This multidimensional monitoring provides a holistic
view of the driver’s status, which enhances the ability to

fluctuations, humidity, and vibrations may also affect the
system. Lastly, it’s crucial to securely store and transmit
the collected data to protect drivers’ privacy.

prevent accidents and health-related incidents.

The literature review from the authors of [14] discusses the importance of IoT in the healthcare
industry and how the healthcare business relies on digitalization via different technologies. The
article also relates to the necessity of IoT technologies in the healthcare industry and how they
are helpful in many ways. However, the review does not include any driving approach to these
applications, which is something relevant to be added as the driving environment turns out to be
a crucial aspect of the healthcare business.

The study in [53] provides a broad review of IoT applications in healthcare, including vari-
ous technologies, datasets, and algorithms. It highlights key challenges such as security, privacy,
scalability, cost, and energy efficiency, clearly understanding the limitations and areas needing
improvement. The article proposes a novel architecture addressing IoT healthcare requirements
and discusses various future applications and research opportunities. However, the review may be
too broad and potentially lack an in-depth analysis of specific technologies or case studies. Addi-
tionally, the proposed solutions and frameworks might be more theoretical, with less emphasis on
practical implementation and real-world validation.

The systematic and bibliometric review discussed in [5] provides a comprehensive checklist for
reviewers to assess the quality of research articles. The review aims to help scholars understand
illness prediction algorithms’ current state, challenges, and potential future directions. It sheds
light on modern algorithms, technological concepts, and how to conduct efficient research to ad-
vance the medical field. The study also aims to thoroughly review IoT-based embedded healthcare
systems, highlighting their potential benefits and the obstacles that must be overcome for practical
implementation. These obstacles include human factors, intelligence architecture, defense mech-
anisms, and social and ethical issues that still need to be fully addressed in the article. Finally, the
article enhances the review process and contributes to scholarly research.

Therefore, the motivation for this study is to fill the identified gaps by providing a detailed
review of the use of IoT and wearable devices for driving healthcare monitoring. This review aims
to highlight this technology’s practical applications, challenges, and future directions in a driving
context, contributing to developing safer and more effective health monitoring systems for drivers.

4.4 Final Remarks

Our systematic review identified key findings about the characteristics extracted from 35 studies.

Concerning our first research question, "Which methods are used to detect individuals’ vital
signs?", our survey of the articles revealed a significant variation in methods depending on the
specific application and target health metrics. Most studies utilized a combination of biosensors,
such as ECG, SpO,, and temperature sensors embedded in wearable devices like smartwatches,
fitness trackers, and smart clothing for continuous data monitoring. Smartwatches, for instance,
can track heart rate and SpO, levels, while smart glasses may include sensors to monitor eye
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movements and detect signs of fatigue. These devices capture real-time physiological data, which
is then processed using algorithms for signal filtering and feature extraction to ensure accuracy
and reduce noise. The data collected is typically transmitted through low-power communication
protocols like Bluetooth or BLE to a central processing unit, often a smartphone or dedicated
server, where advanced analytics are applied. This approach allows for continuous, non-invasive
monitoring of vital signs.

As for our second research question, "Which sensors are used for the measurements?", we found
that the analyzed studies employ a range of hardware components tailored to their specific appli-
cations. The functions of sensors vary from measuring vital signs to assisting individuals in dif-
ferent ways. Most studies utilized ECG sensors to collect individual data, while other commonly
used medical sensors included pulse oximeters and temperature sensors. Furthermore, movement
and location sensors were often employed to provide supplementary and valuable information,
enhancing the overall monitoring system’s effectiveness.

In relation to RQ3, "What impacts do such measurements have on individuals’ performance in a
driving situation?", the reviewed studies emphasize the importance of integrating a comprehensive
monitoring system for individuals while driving. Implementing artificial intelligence capabilities
offers significant advantages that can improve driver performance and safety. For instance, Al-
powered applications that use GPS can offer real-time information about the driver’s surroundings,
enhancing situational awareness and decision-making. Moreover, systems that alert healthcare
professionals about drivers’ vital signs enable timely medical interventions, thereby preventing po-
tential health emergencies. These technologies collectively contribute to better physical and men-
tal health by providing accurate, actionable information and ensuring a safe driving environment.

In response to RQ4, "Which technologies could potentially improve drivers’ security?" it is clear
that modern healthcare technologies will play a crucial role in advancing driving systems. These
applications have already become indispensable in people’s daily lives, from fitness trackers to
sleep monitoring devices. Similarly, applications designed to enhance driver security and well-
being are undoubtedly essential in the driving environment. By gathering and analyzing data,
these technologies can make informed decisions that assist the driver, creating a more intelligent
and collaborative environment. This is achieved by efficiently managing travel and health infor-
mation through various advanced features. For example, Al-driven applications can significantly
enhance driver security through stress detection and management, as Al analyzes physiological
data to identify stress levels and implement preventive measures. Fatigue detection systems utilize
ocular metrics to monitor signs of drowsiness, alerting the driver or taking preventive actions to
prevent accidents. Moreover, integrating Al with other technologies, such as GPS and vehicular
sensors, enhances situational awareness and decision-making, ensuring a secure driving environ-
ment. Additionally, incorporating vehicle dynamics and cabin conditions, such as temperature
and air quality, can provide a comprehensive view of the driver’s health and environmental fac-
tors. This integrated approach is necessary to optimize system performance and deliver actionable
insights. These innovations collectively contribute to a safer and healthier driving experience by
providing accurate, real-time information and enabling timely interventions.

5 Conclusions

This comprehensive review analyzed numerous published articles to establish a framework for
driving healthcare monitoring using IoT and wearable devices. Utilizing the NLP toolkit, 35 stud-
ies meeting specific inclusion criteria were included in this analysis. The review revealed a fun-
damental principle for healthcare monitoring through wearable device applications, wherein data
collected from one or multiple sensors is processed and stored in a database server for various
purposes, such as informing a professional caregiver or aiding the user. Additionally, the reviewed
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studies showcased the integration of diverse hardware and software technologies, illustrating dif-
ferent ways to implement and enhance this core monitoring principle.

The systematic review examined key parameters such as hardware types, methodologies, ex-
tracted features, and communication protocols, providing a foundation for developing effective
driving healthcare monitoring systems. Future research should focus on several critical areas to
advance this field. First, integrating advanced artificial intelligence algorithms to enhance the ac-
curacy and predictive capabilities of these systems, thereby improving anomaly detection and per-
sonalized health insights. Second, developing multi-modal sensor fusion techniques by combining
data from various sensors to offer a comprehensive understanding of the driver’s health. Another
essential aspect is improving real-time data processing and communication protocols to optimize
low-latency communication, reducing reliance on constant cloud connectivity and enhancing sys-
tem responsiveness. Additionally, incorporating human factors engineering and real-world us-
ability testing is necessary to ensure that these systems do not distract or inconvenience drivers.
Finally, addressing security and privacy concerns is crucial, as these devices collect sensitive health
data. Research should prioritize robust encryption methods and secure communication channels to
protect user data from unauthorized access. Future studies can contribute to developing robust and
efficient driving healthcare monitoring systems by focusing on these areas, ultimately enhancing
driver safety through innovative IoT and wearable device applications.
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