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Abstract

There is a need to develop a greater understarditgmperature at the skin-seat interface during
prolonged seating from the perspectives of bothusirihl design (comfort/discomfort) and medical
care (skin ulcer formation). Here we test the cphcé predicting temperature at the seat surfack an
skin interface during prolonged sitting (such aguieed from wheelchair users). As caregivers are
usually busy, such a method would give them warrdhgad of a problem. This paper describes a
data-driven model capable of predicting thermalnges and thus having the potential to provide an
early warning (15- to 25-minute ahead predictiohaim impending temperature that may increase the
risk for potential skin damages for those subjecenforced sitting and who have little or no sepsor
feedback from this area.

Initially, the oscillations of the original signate suppressed using the reconstruction strategy of
empirical mode decomposition (EMD). Consequentjale autoregressive data-driven model can be
used to predict future thermal trends based onaateshperiod of acquisition, which reduces the
possibility of introducing human errors and arté$aassociated with longer duration “enforced” sgti
by volunteers. In this study, the method had a marn predictive error of <0.2C when used to
predict the temperature at the seat and skin aderfl5 minutes ahead, but required 45 minutes data
prior to give this accuracy. Although the 45 mirsufeont loading of data appears large (in propartio
to the 15 minute prediction), a relative strengthivces from the fact that the same algorithm cdadd
used on the other 4 sitting datasets created bywdh®e individual, suggesting that the period of 45
minutes required to train the algorithm is trarnslfde to other data from the same individual. This
approach might be developed (along with incorporatdf other measures such as movement and
humidity) into a system that can give caregiver®rpwarning to help avoid exacerbating the skin
disorders of patients who suffer from low body imsi&vity and disability requiring them to be

immobile in seats for prolonged periods.

Keywor ds: temperature prediction; prolonged sitting; EMIPefi; autoregressive data-driven model



1. Introduction

Research interest in seat design and comfort el@tufdas seen continued growth owing to the
considerable amount of time being spent on sitthaih at home and in the office [1]. Nowhere isthi
more important than in relation to those people Wwhaee lost access to their natural feedback mestreni
which would warn them of impending skin damage tluénypoxia (compressed blood flow), hyper-
humidity and high temperature. Currently, howevberé seems to be little consistency in the
methodologies employed to investigate this areastMesearch effort appears to be spent on desigreof
seat rather than on developing an understanditigegbhysiological issues related to patients wéthssry
deficits or using sensor-based systems as a repéattefor neurological deficit. Hampering this fueth
the relationship between objectively measured patara and the qualitative domain of
comfort/discomfort are still unclear.

It is obvious that the thermal properties (heabgttion and dissipation) of a cushion can playtalvi
role in the evaluation of sitting comfort [1-4]. ever, thermal characteristics might also haveaibg

on tissue viability and as a consequence the tikelil of skin ulcer formation [5]. Interestingly etleffect

of increased temperature due to sitting does mtgffect skin viability; lesser changes in tempaecan
also cause more subtle changes. What might otherwes considered as insignificant changes in
temperature might contribute to the decrease im Is@imen quality and quantity; indeed increases in
scrotal temperature of up t86@have been reported following a 20-minute peribditting on commonly
used chairs [6], however those with spinal corduripjin wheelchairs tend to have higher scrotal

temperatures than the non-spinal cord injured When scrotal skin temperature increases and normal

thermoregulation mechanism is impaired, the logatdase in temperature negatively impacts on semen

qguality (sperm concentration, motility and morplmip as well as sperm chromatin structure. From this

perspective, it is important to recognise the neeliit the temperature change at the seat-skigrfiace

during prolonged periods of sitting. This paper edhio determine whether it was possible to derive a

method which can offer advanced warnings of tentpezachange reaching an undesired level; changes

which if left unaddressed might put the immobilegos at risk of skin or other tissue damage.

According to the authors’ knowledge [8, 9], directsessment of the thermal properties between the
body and seat interface has been subjected te bttjective experimentation. Other approaches have
included a focus on the more subjective domaimgausidirect assessment of thermal comfort [10, 11].
The direct measurement approach has employed @itinared imaging [8], or direct measurement at the
site [9]. Ferrarin and Ludwig [8] compared thernransients of four seat materials at three testtpoi
(ischial and thighs). However, measurement wasrmitent, as the subjects were required to stanfbup
30 seconds every 5 minutes in order to image tla¢ B¢ thermography, thus potentially adding an
inconsistency to the temperature profile and ingirepuncertainty that the subjects sat in a nataeainer.

Cengiz and Babilik [9], on the other hand, evaldateermal change effects on comfort by placing tigh



measurement devices (under thigh, inner thigh, atbmside of body, chest, waist, back, right bojtom

the skin of subjects who attended road trials oformobile seats and assessed seat comfort by
questionnaires. Although mean temperatures werelogegh to compare thermal properties of three
different seat covers, no sensors were placedeabtldy-seat interface to assess temperature asitbis
during the period of sitting.

The use of sensor systems with or without modelilmgredict temperature change in order to limit
damage or maintain comfort is not novel. Local skimicroenvironment) temperature has been used to
predict core temperature variations based on matieah modelling techniques, as telemetry methods
suffer from instability (signal could not be detst} and self-generated noise (causing data arsg¢faben
used in more extreme environmefit2]. A multi-linear regression model has been sggpto predict local
skin temperatures based on the measurement of dylboations (e.g. forehead, upper arms, hands and
shins) in the study of airplane cabin temperatumtrol [13]. However, in this study all informatiamas
acquired by infrared sensors, which were incapatdasuring between body and seat surface.

The above synopsis illustrates some of the lingtetipreviously faced when attempting to perfornt sea
temperature experiments. From the perspective lgests, the volunteers are requested to sit “ndyrhal
for prolonged periods. The stability of both sessand data recording systems is critical to theesg
and therefore, also imposes challenges. Howevés, ihportant to develop a methodology which will
allow generation of accurate and reproducible ffata subjects who would sit in a manner as natasal

possible, preferably unaware of the experimentéh dallection._Regardless of these factors, if #sw

possible to reduce the period of sitting required dathering sufficient data (i.e. by use of a prévke

system), this might allow development of clinicallgeful systems for sensory deprived people, or

caregivers of neurologically compromised peoplewsrn of potentially damaging temperatures at this

interface. Additionally, it might also open the damn the development of systems to predict comfort

levels for customers in commercial outlets.

In the previous studies [14, 15], we have report=ilits from an objective seat measurement system
developed to allow reliable recordings of tempeamatiiom 3 areas (thighs and the coccyx) at or ctose
the skin-seat interface microenvironment, usingwa profile sensor based solution, without the nted
disturbing the seated subjects. In this paper,epent the development of a data-driven model capabl
predicting temperature changes based on experitratiiag data. The accuracy of the model was teste
on data obtained from sitting experiments using thelti-channel body-seat interface temperature

measurement system described previously [14].

2. M ethodology

2.1. Experiments



All selected volunteers were healthy universitydsiuts (four male and three female) with ages rangin
from 19 to 23 years old. Based on the experimestglirements, healthy was defined as not suffeaimg
condition that might lead to or include an increhsere temperature such as a known current viral or
bacterial infection and or thermoregulatory disord&2, 13]. The BMI (body mass index) of all
participants ranged from 19.38 to 24.57 kgj/m

Based on our previous studies [14, 15], three teatpee sensors (LM35 National
Semiconductor Corporation, USA), deemed most appabg for temperature assessment on the
seating surface, were placed approximately undeh @ the following relative positions: left mid-
thigh, right mid-thigh and coccyx. As body temperats would not be expected to vary abruptly
over short periods (< 5 seconds) [14], the sampfieguency of the data acquisition system (Pico
ADC-11/12, Pico Technology, UK) was set at 1Hz/sen3 he temperature sensors were calibrated
before starting the experiments in the environnmoritrolled chamber of UKAS Accredited
Calibration Laboratory under National Standard (Gieate of Calibration No. 0034). All acquired
data were stored on the computer’s hard drive @b tiene using a laboratory-developed application
program [14]. Off-line signal processing and damalgsis techniques were employed with the help
of the Matlab software package (MathWorks USA).

Before taking part in the experiments, volunteeesenasked to read an information sheet detailieg th
experimental protocol with their specific requiratt'e and sign a consent form. Ethical approval was
granted by the School of Applied Sciences Ethicsnfdtee at the University of Glamorgan (now
University of South Wales). The experimental protamomprised each subject sitting for one hourten t
commercially available foam cushion embedded whhed¢ temperature sensors. The cushion was
mounted in a standard wheelchair. As a requiremeatticipants were asked not to undertake any
vigorous physical exercise in the 24 hours prioth experiment and were requested to only voluritee
they were not in a hurry to leave or had otherscalfi their time (e.g., coursework deadlines). Qndbe
laboratory, the volunteers were allowed to acclinato the environment for at least 15 minutes rpt@o
taking part in the experiment: as recommended byipus studies [14, 15].

All volunteers were asked to attend the lab on féeparate occasions (different days at their
convenience, but at the same time of day in ordemegate any diurnal differences) to repeat the
same experiment (all experimental data were acduirem the beginning of December 2013 to the
beginning of January 2014). During the experimeméalording periods, volunteers were provided
with books or music. All subjects completed theihdur of sitting in an upright sitting position
without getting up (e.g. toilet), engaging in ararde or excessive movements, or adopting any
unusual postures (e.g. crossing their legs). Ptmreach data collection, the initial surface

temperature of the foam cushion was measured tarenthat all data could be referenced to the

same start level (Mear SD: 27.1#0.2°C). The ambient temperature and relative humidityhe



research room were monitored throughout the expmeriah period (temperature: 26.0.5°C and relative

humidity: 44%t 3%) and air movement was minimal.

All volunteers were asked to wear cotton materlisers in order to reduce the impact of varyirg th
clothing materials on relative insulation (degréeh@rmal insulation) or water vapour transfer (oog)

from the interface between body and seat.

2.2. EMD filter-based pre-processing

To reduce data artefacts and suppress unwante@, n@iglata-driven filter, based on the EMD
(Empirical Mode Decomposition) algorithm, was apglito the temperature data before carrying out
further analysis. The procedure of EMD was propdsgdiuang [16] with the kernel aim of sifting the
original input signal until the final residual isaonary. The innovative part of the EMD methodtie
introduction of the IMF (Intrinsic Mode Functionpmponents, which are based on the local natural
properties of the signal and adaptively represembrastationary signal as a sum of zero-mean fadt a
slow oscillating modes.

The EMD method has been successfully used in vafiields [17-20] such as engineering mechanics,
biomedical engineering and mechanical failure deircFor an arbitrary data series, the sifting process i
[16-18]:

(1) Extract all of the maxima and minima of theleeX(t)

(2) Calculate the upper envelopg) and the lower envelop&t) with cubic spline function. The mean

envelopam(t) is

m(t) = [u(t) +v(t)]/2 )

(3) A new series with the low frequency removedasculated by subtracting the mean envelope

from the series

hy(t) = X(t) - m(t) @

Generally speakindy(t) is still a non-stationary series, so the abovegdare must be repeatkdimes

until the mean envelope is approximated to zero:
m, (1) = [u, ., © +v,, ©]/2 ©)

h (t) = h, (t) —m (1) @)



(4) Then, the first IMF componefrom the datac, (¢), and its residue;(¢) are designated as:

¢ (t) =h.(t) (5)

r(t) = X(0) —c(t) (6)

In general,c,(t) represents the highest frequency component of tigénal series. Since the residue
r,(t), still contains information of longer period conmgmts, it is treated as the new data series and
subjected to a new sifting process. The procedurepeated for all subsequent residues ugftll is less

than the pre-set threshold value or a monotonictfan.
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Figure 1 Data of the one-hour seating experiment contaircsUfating noise.
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Figure 2 Demonstration of empirical mode decomposition (EMBY) the body-seat interface temperature data. fiise IMF
component (IMF1) is on the top left, followed byteecond IMF component (IMF2) on the top right, &reh IMF3 to IMF9 from
left to right and top to bottom. The last subpothie residue of the EMD procedure shown on th®iotight.

The original data from one subject who sat on anfaashion for one hour contained a fast oscillating
noise (Figure 1). Therefore, the aim is to remdwe fluctuation while maintaining the veracity ofeth
slowly varying trend in the recording. To accomiplibis, the contaminated signal was decomposed into
some standardized IMF components as well as onduedssignal with the help of the EMD method
(Figure 2). To determine which part of the deconggosomponents is useful, it is necessary to andhese
EMD outcomes theoretically.

Both Wu [18] and Molla [19] have illustrated thdF components still belong to a normal distribution
and that the mathematical expectations of IMFs dated by noise are nearly zero. Based on this
assumption, we removed unwanted fluctuating noisedtting a zero-crossing number as the threshold
and reconstructed the noise-free signal using twomposed parts that had a zero-crossing number
smaller than the threshold. As mentioned in o@vimus work [20], the IMF5 to IMF9 and the residue
presented in Figure 2 have slow oscillations andukh be retained as the meaningful information.
Conversely, IMF1 to IMF4 should be removed sinagythave larger zero-crossing numbers which mean

higher frequency. Using the inverse EMD procedtire filtered signal can be reconstructed (Figure 3)
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Figure 3 Noise-free signal created using the EMD reconstinatnethod. From this, it is apparent that the eurecomes almost
plateaued after 45 minutes. This shape suggestsadecpredicting of temperature trends should b&sipte. The advantage of
temperature prediction would be to provide infolioratfor people with impaired sensation who mightrbstricted to periods of
prolonged sedentary / seated activities (e.g. wtieak bound disabilities) or their caregivers:iwibe purpose of preventing ulcer

formation or other forms of skin tissue damagestdygolonged sitting.

2.3. Autoregressive prediction mode

In the temperature prediction process, the autessgre (AR) model [12], one of the most widely used
data-driven models, is employed as a function fiture data estimation using previous observatidhs.

AR model is

/?n = Z¢1Xn—j + gn (7)

i=1
whereg refers to the vector of AR parameters to be caledla€, represents white noise antdenotes
the order of the model. There are many ways tonesé the AR model parameters. In our applicatioa, t
least square method was used to solve the parawesterg .

To compare the prediction performance of tempeeahased on the AR model, the root mean square

error (RMSE) was employed and defined as:

RUSE = (€




where y; is thei™ observed response valuﬁ,. is thei™ predicted response value aid is the number of

data points.
3. Results and discussions

Before carrying out any further analysis, a KolmaysSmirnov test was initially used to determine
normality of the data. After that, two types of menature (as recorded at the skin surface-seafdnt
predicting trials were performed using data frone dwour sitting. Predictions made from sectionshef t
data (the first 45 minutes, 40 minutes or 35 miguteere compared to the measured data in ordesto t
the accuracy of the prediction model.

Data Analysis | (Temperature prediction within the same experiment for each participant): the
purpose of this experiment was to investigate & dlata-driven model, trained on part of the dataafo
given experiment, could predict other parts of dia¢ga from the same experiment that had not beeth use
for training. To test this hypothesis, data frora flist 45 minutes (prediction over the final 15nuotes),

40 minutes (prediction over the final 20 minutes 86 minutes (prediction over the final 25 minuts)
each subject were selected as training data, wdle@emaining part belonging to the same experiatent
data set was used as testing data to verify therempnt-specified AR data-driven models. As a e
different models for each subjectX3, five repeated experiments for each participaeiaah of the three
measurement positions) were developed respectfeelgach prediction (15-minute, 20-minute and 25-
minute prediction). Then each model was appliethéodata in order to predict the body-seat interfac
temperature for the corresponding experiment oheadividual. The averaged RMSE values for each
experiment-specified model are presented in Figuatong with the standard deviation functioningaas

indication of the error.
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Figure 4 Results of Data Analysis I: RMSE of body-seatrifstee temperature prediction for the same experiroeeach participant.
The error bounds correspond to the standard deniathich is calculated over the five experimenisp Ta): 15-minute prediction
using the first 45 minutes data, Middle (b): 20-utén prediction based on the first 40 minutes datel Bottom (c): 25-minute
prediction by the first 35 minutes data.

The results appear promising, indicating that tfiedhata-driven model can perform well if each model
is applied to predict data outcomes from the sarper@ments for the same participant under similar
environmental conditions (e.g. room temperature eidtive humidity). As expected, the predictive
capability of the model relies highly on the amauot training data: i.e., the larger the trainiregadpool,
the smaller the prediction error (RMSE). The maximaveraged RMSE values for the 15-minute, 20-
minute and 25-minute predictions were 0.36+0°G2 0.56+0.03°C and 1.31+0.08C (Mean * SD,
respectively). Practically, the use of an alarnmtesysbased on a 15-minute prediction should bedeffi
to allow a susceptible, immobile people adequae tio take appropriate intervention measures ¢alg.
for help, use their upper body to lift their butteaway for the seat interface, or move their kegallow

circulation of air) to prevent prolonged seat-rethskin problems developing. As the maximum dewmati



(Mean + SD) of five repeated experiments for theriiBute prediction shows the averaged RMSE to be <
0.4°C, the AR data-driven model appears to have tHiatu offer an acceptable prediction accuracy.

An ANOVA statistical analysis was employed to comgpprediction values generated by the AR data-
driven model in order to study if any relationskixsted among the three models developed by tre dat
from each of the different sensor locations (Leit+thigh, Right mid-thigh and Coccyx). The outprdrh
the ANOVA revealed a significant difference (p<<D.®etween the data from each of the three position
which once more attests to the individuality of theee sensor positions; as outlined in our pitatg
[15].

Data Analysis Il (Temperature prediction for cross experiments of each participant): the aim
was to determine the intra-reliability of the methdor instance can the model developed using an
element of one individual’'s data sets be appliedbtieer data belonging to the same individual, but
acquired at different times? One of the five experts (randomly selected) for each participant &bes
and 4 females) was used to build up the prediatiaalel, while the other four data sets for eachhef t
same participants were used as test data.

Since the 15-minute prediction is capable of meetinr demandsyide supra, model development
followed the procedure described above using ttet #i5 minutes of data. As a result, seven differen
models were developed with each model represemtiagecific participant. The prediction error values
(averaged RMSE) for each participant-specified rhade presented in Figure 5, along with the stashdar
deviation to illustrate error boundaries. It is eirsting to note that the prediction satisfied the
requirements regarding accuracy (max deviation.494D.06°C), even though the RMSE values were
slightly larger than those of the self-generateddet® (Figure 4(a)). The sources of deviation may b
attributed to various factors many of which are gblpgical and psychological. Although attempts had
been made to compensate for diurnal changes, bynmake measurements at similar times of day,
numerous factors such as degree of sweating, chaofgthe metabolic rate (recent food intake and
exercise), relative differences in mood which coblave affected the volunteer's perception of the
experiment, will tend to vary across the repeatqueegments. As movement (amount and type) probably
forms part of the normal persons reaction to tipeirception of the comfort of this environment,st i
anticipated that the stability of the model wiltiease when tested on wheelchair users who doavet h

this facility available.
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Figure 5 Results of Data Analysis Il: RMSE of body-seaeiféce temperature prediction for cross experimeheach participant.
The error bounds correspond to the standard deriathich is calculated over the other four expentseised as the testing group.

Though the majority of previous studies [21, 22ydgaid more attention to the study of pressure
distribution between the body-seat interface, G¢2&h proposed a mathematical model that incluties t
connection between the skin temperature and presduoers while suggesting possible interventions to
reduce potential risks by optimizing microclimatetors (e.g. temperature and relative humidityerEv
though some guidelines were reported in order toimise the development of pressure ulcers, to the
authors’ knowledge, few applicable risk preventimols have been developed to date [24, 25]. As

temperature increases so does metabolism. Normealtfused skin reacts by increasing blood flow,

however in compressed skin (such as that at tlegfaae between person and seat surface) bloodislow

being compromised and the conditions are generafigsidered to be ischemic. Therefore, the

determination of what is a critical temperaturg¢hiese conditions must take into account skin viigténd

duration of sitting as well as temperature. As tyés work has not been performed, however thisystud

gives an opportunity to start the process by battumtely measuring temperature at the region and

having the capacity to generate a warning in advafmce consensus has been reached in relation to

conditions identified above, then a critical tengtare can be more sensibly determined. If temperatu

this interface were to be recognised for its paéémlinical importance at present, in order fotl@ician

or _caregiver to measure the skin temperature, tiverdd need to be either access made for the probe

(movement which would defeat the purpose and dastian time). Alternatively, a temperature sensor

could be set in place already; however, this wdwde a display for the output that would require

constant awareness by the clinical team. Our stiggesould be used to create an alarm system with

only indicates that a critical limit has been resgthbut also allows time for the caregiver/clinitedm to

perform the required function, rather than cresemergency situation (which is what would hapgen i




simple number was displayed). Based upon the pgreglicesults proposed in this paper, 15 minutes

warning of an impending critical temperature shdudda sufficient amount of time for appropriatedact

to be taken at leisure whether by the person ar tlaeegiver.

4. Conclusions

This study has shown the AR data-driven model todgable of reliably predicting temperature trends
at the body-seat interface microenvironment 15 tesahead of time. The maximum deviation between
the prediction value and the corresponding measemeis < 0.4C when using data from the first 45
minutes of the one hour data sets. Results of thescevaluation for the same subject (the model
developed from any of the five experiments for atiggpant then applied to each of the other four
experiments) showed that the AR data-driven modsl & good general applicability for use within
the same normal individual (maximum deviation frddm1 °C to 0.53°C for the 15-minute
prediction).

The potential uses of the introduced methodologglude: 1) development of an alarm

mechanism to provide a warning temperature in ackvar reaching a potentially damaging temperature,

for example, local exacerbation of skin disordess,increased risk of thermal acceleration of skin

ischaemic damage or potential temperature basethtsiability issues in males (malfunction of selo

thermoreqgulation can lead to male infertility arein@n deterioration) and 2) an attempt to facilitate

recognition and study of other factors involvedulcer formation; 3) an easier means to analyse the
thermal properties of different seating materiatslevin use.

It is possible that the predictive methodology dobk refined to decrease the data capture time yet
increase the period of prediction. However, it iticipated that a wider data collection to include
environmental parameters (such as room temperatuderelative humidity), BMI (body mass index),

body fat, age and other aspects relevant to clgthid cushion materials will be required to do.this
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