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Abstract— Short term cardiovascular responses to pos-
tural change from sitting to standing involve complex
interactions between the autonomic nervous system that
regulates blood pressure, and cerebral autoregulation that
maintains cerebral perfusion. We present a mathematical
model that can predict dynamic changes observed in
beat-to-beat arterial blood pressure and middle cerebral
artery blood flow velocity during postural change from
sitting to standing. Our cardiovascular model utilizes 11
compartments to describe blood pressure, blood flow,
compliance and resistance in the heart and systemic
circulation. To include dynamics due to the pulsatile nature
of blood pressure and blood flow, resistances in the large
systemic arteries are modeled using nonlinear functions
of pressure. A physiologically based sub-model is used
to describe effects of gravity on venous blood pooling
during postural change. Two types of control mechanisms
are included: (i) Autonomic regulation mediated by sym-
pathetic and parasympathetic responses that affect heart
rate, cardiac contractility, resistance, and compliance. (ii)
Autoregulation mediated by responses to local changes
in myogenic tone, metabolic demand, and concentration

of carbon dioxide (CO2) that affect cerebrovascular re-
sistance. Finally, we formulate an inverse least squares
problem for parameter estimation and to demonstrate that
our mathematical model is in agreement with physiological
data obtained from a young subject during postural change
from sitting to standing.

Keywords: Cardiovascular system; Mathematical
modeling; Cerebral blood flow; Gravitational effect;
Autonomic regulation; Cerebral Autoregulation
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I . INTRODUCTION

Orthostaticintolerancedisorders,which are common
in every age, are dif�cult to diagnoseand treat. Typi-
cally, thesedisorderswhoseclinical manifestationsin-
clude dizziness,syncope,orthostatichypotension,falls,
and cognitive decline are a result of several biological
mechanisms.To develop better strategies to treat and
diagnoseorthostaticintolerance,it is important to un-
derstandthe underlying mechanismsleading to these
disorders.One of the main mechanismsinvolved is the
short term cardiovascularregulation of blood �o w to
the brain, which includeboth autonomicregulationand
cerebralautoregulation. The overall goal of this work
is to develop a mathematicalmodel that can predict
dynamicsin observedcerebralblood�o w andperipheral
bloodpressuredata,andto proposemechanismsthatcan
explain theinteractionbetweenautonomicregulationand
cerebralautoregulation.To this endwe have developeda
mathematicalmodelthatcanpredictthesetwo regulatory
mechanisms.To validatethe model we comparemodel
predictionswith arterial �nger blood pressurepaf , and
middlecerebralarteryblood�o w velocity vacp measure-
mentsfrom a youngsubject.

Upon standingfrom a chair, blood is pooled in the
lower extremitiesdueto gravitational forces.As a result,
venous return is reduced,which lead to a decrease
in cardiac stroke volume, a decline in arterial blood
pressure,and an immediatedecreaseof blood �o w to
the brain. The reductionin arterial blood pressureun-
loadsthe baroreceptorslocatedin the carotidandaortic
walls, which leads to parasympatheticwithdrawal and
sympatheticactivation through barore�ex-mediatedau-
tonomicregulation.Parasympatheticwithdrawal induces
fast (within 1-2 cardiaccycles) increasesin heart rate,
while sympatheticactivation yields a slower (within 6-8
cardiaccycles) increasein vascularresistance,vascular
tone,cardiaccontractility, anda further increasein heart
rate [4], [7], [37]. Simultaneously, cerebralautoregula-
tion, mediatedby changesin CO2, myogenictone,and
metabolicdemandleadsto vasodilationof the cerebral
arterioles[2], [18], [34], [38].

Our mathematicalmodelincludestwo sub-models:(i)
a cardiovascularmodel that can predict blood pressure
andblood �o w velocity during sitting (for t � 60 sec.),
and(ii) a control model that canpredictautonomicand
cerebralregulatory mechanismsduring posturalchange
from sitting to standing. Both sub-modelsare based
on the same closed-loop compartmentalmodel with
11 compartmentsthat representthe heartand systemic
circulation. Our previous work [27], [29] also used
compartmentalmodelsto describethe dynamicsof the

cardiovascularsystem.The modelin [27] usedan open-
loop model(the3-elementwindkesselmodel)to analyze
dynamics of cardiovascularcontrol. This model used
arterialbloodpressuremeasuredin the�nger asaninput
to predict model parametersthat describedynamicsof
cerebral vascular regulation for young people. These
parameterswere obtainedby minimizing the error be-
tweencomputedand measuredmiddle cerebralarterial
blood �o w velocity. Consequently, no equationswere
usedto describepossiblemechanismsof the underlying
regulation. To further advance this study, we recently
developeda 7 compartmentalclosed-loopmodel, that
can predict the dynamics observed in the data. This
model did not rely on an external input, but included
a model that describethe pumpingof the left ventricle.
In addition,the 7 compartmentalmodelincludedsimple
equationsthat describethe short term regulation. This
model was able to accuratelypredict dynamicsof both
cerebralblood �o w velocity andarterial blood pressure
during sitting (for t < 60 sec.)andstanding(for t > 80
sec),aswell asthemeanvaluesduringthetransition(for
60 < t < 80 sec.),but it wasnot ableto predictdetailed
dynamicsduring the transitionregion. Furthermore,we
werenot ableto obtainadequate�lling of theleft ventri-
cle. To obtaina moreaccuratemodelwe developedthe
11 compartmentalmodel describedin this work, which
overcomelimitations of the 7 compartmentalmodel as
describedbelow.

To obtain adequate�lling of the left ventricle we
addeda compartmentthat representsthe left atrium. In
the 7 compartmentalmodelwe usedthe blood pressure
in the upper body to validate the model againstdata,
which are measuredin the �nger. The pulse pressure
(systolic minus diastolic pressure)in the upperbody is
toowideandverysensitiveto parameterchanges.Hence,
to improve our model we includeda compartmentthat
representsthearteriesin the�nger. In addition,weadded
two small compartmentsthat representthe aorta and
vena cava. Thesecompartmentswere primarily added
to improve model simulationstability. In summary, the
improvementsdiscussedabovehaveled to theadditionof
4 additionalcompartments.Furthermore,the 7 compart-
mentalmodelwasnot ableto predictpulsepressurereg-
ulation immediatelyfollowing standing.To compensate
for this we have modeledresistanceof the large arteries
usingnonlinearfunctionsof pressure.Finally, to obtain
accuratewidening of the blood �o w velocity, a feature
thatour 7 compartmentalmodelwasnot ableto predict,
we devisedan empiricalmodelof autoregulation,anda
physiologicalmodelthatcanpredictpoolingof blood in
lower extremities,dueto effectsof gravity.

A large body of work that describecardiovascular
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control modeling, e.g., [10], [11], [12], [30], [44] is
basedon predictionsof meanvaluesfor arterial blood
pressureandcerebralblood �o w velocity. Consequently,
these models can not predict the pulsatile dynamics
of the cardiovascularsystem.Thesemodels use opti-
mal control to minimize the deviation betweensome
observed quantity (e.g., arterial blood pressure)and a
given set-point.While this strategy can provide good
parameterestimates,optimal control modelsdo not de-
scribe the underlyingphysiologicalmechanisms.Other
modelingstrategieshave beenproposedin the work by
Melchior [19], [20] andHeldt [8], who devise pulsatile
modelsthatincludepulsatility, autonomicregulation,and
effects of gravity. The latter was doneby changingthe
referencepressureoutsidethe compartments.However,
thesemodelsdo not include effects of autoregulation.
One way to model the effect of autoregulation is to let
the cerebrovascularresistancebe a function of time as
suggestedby Ursino [39]. However, this work doesnot
include the effectsof autonomicregulation.

A secondgroup of models has describedparts of
the control system without validation against experi-
mentaldata,e.g., [5], [19], [20], [21], [31], [32], [35],
[40], [41], [42], [43]. Thesemodelsuseda closed-loop
compartmentaldescriptionof the cardiovascularsystem
combinedwith physiologicaldescriptionsof the control.
While thesemodelscan provide qualitative analysisof
the systemthey cannotbe usedfor quantitative compar-
isonswith data.Furthermore,mostof the modelsin the
secondgroup describethe effects of autonomicregula-
tion without including the effects of cerebralautoregu-
lation. In contrast,our model includesboth autonomic
andcerebrovascularregulationsandprovidesquantitative
comparisonswith physiologicaldata.

I I . MODELING BLOOD PRESSURE AND BLOOD FLOW

VELOCITY

A. A Compartmental Model for the Cardiovascular Sys-
tem

Our cardiovascularmodel is basedon a closed-loop
model with 11 compartments.This model is designed
to predict blood pressureand volumetric blood in the
left atrium, the left ventricle, aorta,venacava, arteries
and veins in the upper body, the lower body, and the
head,as well as arteriesin the �nger, seeFig. 1. Each
compartmentrepresentsall vesselsin areasof similar
pressure.Hence,in its simplestform thesystemiccircuit
couldconsistof onearterialcompartment(highpressure)
and one venous compartment(low pressure).In our
model,we include5 arterialcompartmentsand4 venous
compartments.

The11 compartmentsdepictedin Fig. 1 arechosento
ensurethat the level of detail in the model is adequate
to describethe complex dynamicsobserved in the data
and at the same time not too complex to be solved
computationally. Four compartmentsthat representthe
upperbody and the legs are includedto model venous
pooling of blood and sympatheticcontraction of the
vascularbed.Two compartmentsthat representthebrain
are includedto modeleffectsof cerebralautoregulation
and to enablemodel validation againstcerebralarterial
blood �o w velocity measurements.One compartment
that representsthe �nger is included to enablemodel
validationagainstarterialbloodpressuremeasuredin the
�nger. To determinecardiacoutput and venousreturn,
two compartmentsare included to representthe aorta
andvenacava. Finally, to obtaina closed-loopmodel it
is necessaryto include a source(the heart) that pumps
blood through the system.Consequently, two compart-
mentsare includedto representthe left atrium and the
left ventricle.Our previous work [29] only includedthe
left ventricle,but without an atrium it is not possibleto
obtainadequate�lling of the heart.

The major systemnot included in our model is the
pulmonary circulation. Addition of compartmentsthat
representthe pulmonarycirculationwould requiremore
parameters,which would increasethe computational
complexity. Instead,the pulmonary circulation is rep-
resentedas a resistancebetweenvenacava and the left
atrium.

To study dynamicsof postural changefrom sitting
to standingit is not important to know how blood is
distributedamongvariousinnerorgans.Hence,theupper
body is simply representedby an arterial and a venous
compartment.Each compartmentis representedby a
complianceelement(inverseelasticity)and is separated
by resistanceto �o w. The designof the systemiccir-
culationwith arteriesandveinsseparatedby capillaries
provides someresistanceand inertia to the volumetric
�o w rate. In our modelwe includeeffectsof resistance
betweencompartmentsbut neglecteffectsdueto inertia.
The major resistanceto �o w is located in peripheral
regions betweencompartmentsthat representarteries
and veins. Compartmentsthat representlarge conduit
vesselsare also separatedby resistancesthat represent
the overall resistanceof the compartment.Resistances
betweenconduit vesselsare very small comparedwith
the peripheralresistances.

Thedescriptionof bloodpressureandvolumetric�o w
rate in a systemcomprisedof compliantcompartments
(capacitors)and resistorsare equivalent to that of an
electrical circuit, see Fig. 1, where blood pressurep
[mmHg] plays the role of voltageand volumetric �o w
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Fig. 1. Compartmental model of the systemic circulation. The model contains 11 compartments. 5 compartments represent systemic arteries
(the brain, upper body, lower body, aorta and the finger), 4 compartments represent the systemic veins (the brain, upper body, lower body,
and vena cava), and 2 compartments represent the left atrium and left ventricle. Since the pulmonary system is not included, the systemic
veins are directly attached to the left ventricle. Each compartment includes a capacitor to represent the compliant volume of the arteries
or veins. All compartments are separated by resistors representing resistance of the vessels. Furthermore, the compartment representing the
left ventricle has two valves (the aortic valve and the mitral valve). Following terminology from electrical circuit theory, the flow between
compartments is equivalent to electrical current and the pressure inside each compartment is analogous to voltage. Resistors R [mmHg
sec/cm3] are marked with zigzag lines, capacitors C [cm3/mmHg] are marked with dashed parallel lines inside the compartments, while
the aortic and mitral valves are marked with short lines inside the compartment that represents the left ventricle. The abbreviations are la
left atrium, lv left ventricle, av aortic valve, mv mitral valve, a aorta, au arteries in the upper body, al arteries in the lower body, aup
peripheral arteries in the upper body, alp peripheral arteries in the lower body, ac cerebral arteries (in the brain), acp peripheral cerebral
arteries, af finger arteries, afp peripheral finger arteries, vl veins in the lower body, vu veins in the trunk and upper body, v vena cava,
and vc cerebral veins.

rate q [cm3/sec] plays the role of current.To compare
our model with data we assumethat the diameterof
the middle cerebralartery remainsconstant,such that
blood �o w velocity can be obtainedby scaling volu-
metric blood �o w by a constantfactor that represents
the areaof the vessel.Recentmeasurementsof middle
cerebralarterydiameterby magneticresonanceimaging
(MRI) combinedwith transcranialDopplerassessmentof
cerebralblood �o w velocity have demonstratedthat the
middle cerebralarterydiameterdoesnot changedespite
large changesin cerebralblood �o w velocity elicited by
stimuli suchas lower body negative pressureand CO2

changes[36].

To predict blood pressureand blood �o w in and
betweenthecompartmentswebaseourmodelonvolume
conservation laws [41]. Blood pressureand volumetric
blood �o w canbe found by computingthe volumeand
changeof volumefor eachcompartment.The equations
that representthe arterial andvenouscompartmentsare

similar. For eachof thesecompartmentsthestressedvol-
umeV = Cp [cm3] (volumepumpedout duringonecar-
diaccycle),whereC [cm3/mmHg] is thecomplianceand
p [mmHg] is thebloodpressure.Thecardiacoutputfrom
the heart is given by CO = H Vstr oke [cm3/sec],where
H [beats/sec]is the heartrateandVstr oke [cm3/beat] is
thestroke volume.For eachcompartment,thenetchange
of volumeis given by

dV
dt

= qin � qout ; q =
pin � pout

R
; (1)

whereq [cm3/sec] is determinedanalogouslyto Kirch-
hoff 's currentlaw andR is theresistanceto �o w. Several
compartmentshave more than one in�o w or out�ow.
For example, the compartmentthat representthe aorta
has 3 out�ows (qout = qaf + qau + qac) while the
compartmentthat representvena cava has 3 in�o ws
(qin = qaf p + qvu + qvc), seeFig. 1.

To model the left ventricle as a pump, the position
of the mitral and the aortic valves must be included.
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During diastolethe mitral valve is openwhile the aortic
valve is closedallowing blood to enterthe left ventricle.
Then, isometriccontractionbegins, increasingthe ven-
tricular pressure.Once,the ventricularpressureexceeds
the aortic pressure,the aortic valve opens,propelling
the pulse wave through the vascularsystem.Note, for
healthy young people,both valves cannotbe open si-
multaneously. To incorporatethe stateof the valveswe
have modeledthe resistances(Rav andRmv , seeFig. 1)
as follows

Rv = min
(

Rv + e−10(pin−pout) ; 5000
)

;

where v = mv; av. This equation result in a large
resistance(and no �o w) while the valve is closedand
a small resistance(and normal �o w) while the valve
is open. The minimum value is introduced to avoid
numericalproblemsdue to large numbers.

A systemof differentialequationsis obtainedby dif-
ferentiatingthe volume equationV = Cp and inserting
(1), i.e.,

dV
dt

= C
dp
dt

+ p
dC
dt

= qin � qout : (2)

Thecircuit in Fig. 1 givesrise to a total of 9 differential
equationsin dp=dt, one for each of the arterial and
venouscompartments.For the two compartmentsthat
representthe atrium andthe ventricle,differentialequa-
tions are kept as dV=dt. For thesetwo compartments,
blood pressureis computedexplicitly as a function of
volume, seenext section.A completelist of equations
canbe found in the Appendix.

B. Ventricular and Atrial Contraction

Atrial andventricularcontractionleadsto an increase
in bloodpressurefrom low valuesobservedin thevenous
systemto high valuesobserved in the arterial system.
Our model is basedon the work by Ottesen[6], [33].
This model predicts atrial (pla) and ventricular (pl v)
pressureasa function volume andcardiacactivation of
the form

p = a(V (t) � b)2 +(c(t)V (t) � d)g(t); p = pla; pl v :
(3)

The parametera [mmHg/cm3] is related to elastance
during relaxationandb [cm3] representsvolumeat zero
diastolicpressure,c(t) [mmHg/cm3] representscontrac-
tility, andd [mmHg] is relatedto the volumedependent
and volume independentcomponentsof the developed
pressure.The activation function g(t), which is de�ned
over the length of one cardiaccycle, is describedby a

polynomialof degree(n; m): g(t) = f (t)=f (tp) with

f (t̃) =















pp
t̃n(� � t̃)m

nnmm
[

�
m+ n

]m+ n 0 � t̃ � �

0 � < t̃ � T:

(4)

T [sec] is the duration of the cardiac cycle, t̃ =
mod(t; T) [sec], � (H ) [sec] denotesthe onsetof relax-
ation,H = 1=T [1/sec]denotesthe heartrate,n andm
characterizethe contractionand relaxationphases,and
pp is thepeakvalueof theactivation.Theability to vary
heartrateis includedin theisovolumic pressureequation
(3) by scaling time and peak valuesof the activation
function f . The time for peakvalue of the contraction,
tp [sec], is scaledby introducinga sigmoidal function,
that dependon the heartrateH , of the form

tp = tm +
� �

H � + � � (tM � tm ); (5)

where� representsthemedianand� representsthesteep-
ness,and tm [sec] and tM [sec] denotethe minimum
andmaximumvalues,respectively. Thepeakventricular
pressurepp [mmHg] is scaledsimilarly usingasigmoidal
function of the form

pp = pm +
H �

H � + � � (pM � pm ); (6)

where � representsthe median and � representsthe
steepness,pm [mmHg] and pM [mmHg] denote the
minimum andmaximumvalues,respectively.

Finally, the time for onsetof relaxation� is modeled
by

� =
n + m

n
tp(H ): (7)

This equationis obtainedby recognizingthat the time
for peak pressure,tp, is relatedto the parameter� in
the isovolumic pressuremodel (3). Initial valuesfor all
parameterswereobtainedfrom thework by Ottesenand
Danielsen[33]. In this work, parameterswere based
on caninedata.To obtain humanvaluesfor the young
subject studied in this work, we identi�ed parameters
during our model validation. Resultingparameterscan
be found in Table I.

C. Nonlinear Resistances

To our knowledge,previous modeling contributions,
discussedin the introduction,assumethat during steady
state(duringsitting,for t � 60 sec.)thesmallresistances
betweencompartmentsthat representlarge conduitves-
selsareconstant.Nevertheless,from the theoryof �uid
mechanicsit is well known that the resistancedepends
on the radii of the vessels,andthat the radii themselves
dependon the correspondingtransmuralpressure.
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Rest. Initial Optimized Heart Initial Optimized
Comp.

Rav 0.030 0.1149 av 0.0003 0.0009
Rau 0.072 0.1853 bv 5 4.9122
Ral 0.087 0.0043 cv 6.4 6.9100
Raf 0.183 0.5456 dv 1 0.8310
Rac 0.409 0.3177 nv 2 3.6659
Raup 1.565 1.8565 mv 2.2 1.7369
Ralp 6.522 7.5854 νv 9.9 11.0201
Rapf 17.5 17.8953 θv 0.951 0.9213
Racp 6.696 7.0838 ηv 17.5 17.6658
Rmv 0.007 0.0164 φv 1 1.1560
Rv 0.033 0.0368 tm;v 0.186 0.1310
Rvu 0.001 0.000 tM ;v 0.280 0.2305
Rvl 0.174 0.1193 pm;v 0.842 1.1074
Rvc 0.957 1.2875 pm;v 1.158 1.2385
Ca 0.084 0.0732 aa 0.002 0.0002
Cau 0.6160 0.7255 ba 5 4.1074
Cal 0.940 0.9881 ca 6.4 6.4325
Caf 0.174 0.2353 da 1 1.1668
Cac 0.159 0.0892 na 1.9 1.9501
Cv 2.931 2.5181 ma 2.2 1.9767
Cvu 15.276 15.4531 νa 9.9 10.8595
Cvl 6.038 6.2778 θa 1 1.9998
Cvc 2.847 2.3007 ηa 17.5 16.5386

φa 1 2.1152
fact 0.1415 0.2079 tm;a 0.186 0.2487
α 1.4287 2.3220 tM ;a 0.280 0.3560

pm;a 0.842 1.0065
pM ;a 0.990 1.2100

TABLE I

STEADY STATE PARAMETERS BEFORE AND AFTER OPTIMIZATION. RESISTANCES [MMHG SEC/CM3] ARE USED IN EQUATION (1),

COMPLIANCES [CM3/MMHG] IN EQUATION (2), AND HEART PARAMETERS ARE USED IN EQUATION (3).

Our investigationhas shown that such dependencies
areimportantto includein regionsthat representvessels
with large diametersand high blood pressure(in the
large arteries),while they are less important in regions
of low blood pressure(in the venoussystem).Further-
more, these “passive” changesin diametersare also
negligible in regions with small vessels(in the small
arteriesand arterioles)where autonomicresponsesare
active anddominatethechangein vesseldiameters.Our
previous work [29] did not include nonlinear arterial
resistancesand as a result we were not able to obtain
a suf�ciently wide pulsepressureimmediatelyfollowing
posturalchangefrom sitting to standing.

To modelnonlinearitiesfor theseresistances,we base
our derivationon Poiseuille's law. For �o w in a cylinder
with circular cross-sectionalarea,Poiseuille's law pre-

dicts the resistanceto �o w [14] as

R =
8� l
� r 4 ;

whereR [mmHg sec/cm3] is theresistance,r [cm] is the
radiusof thevessel,and� [mmHgsec]is theviscosityof
blood,and l [cm] is the lengthof the cylindrical vessel.
Assumea constantlengthof the vessel,then

1

R
/ r 4 / V 2 / p2: (8)

The�rst relationcomesfrom Poiseuille's law, thesecond
can be obtainedby assuminga �x ed length l , and the
third by assumingthe validity of the pressurevolume
relationV = Cp. In thecompartmentalmodeldiscussed
above each compartmentlumps a number of vessels
togetherand as a result we do not have any speci�c
information about r . The relationship in (8) implies
that the resistanceis inverselyproportionalto pressure
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squared.For real arteriesand veins, the resistancewill
have maximum and minimum values.Hence,we have
chosento model this nonlinear relation using a sig-
moidally decreasingfunction of the form

R = (RM � Rm )
� k

2

pk + � k
2

+ Rm ; (9)

whereRM [mmHg sec/cm3] and Rm [mmHg sec/cm3]
are the maximum and minimum valuesthat the resis-
tancescanhave, p [mmHg] is the blood pressurein the
compartmentthat precedethe resistance(in our imple-
mentationthe actualblood pressureoscillatestoo much
andasaconsequence,for numericalstability, webasethe
predictionof R on thecorrespondingmeanarterialblood
pressurēp(t) [mmHg]), resultingressitancecanbe seen
in Figure2. As shown in Fig. 3 the meanarterialblood
pressureoscillateswith the samefrequency but with a
smalleramplitudethanpa. k representsthe steepnessof
thesigmoid,andtheparameter� 2 is calculatedto ensure
that R returns the value of the controlled parameter
found during steadystate.For k = 2, the slopeof the
sigmoid approximatesthe relation in (8). However, the
relation in (8) is only valid for a steady�o w. Blood
�o w in arteriesis unsteadyandthe �o w througha given
vesseldependson the stateof the vessel.Consequently,
asshown in Table II, we shouldnot expect that k = 2.

In our model3 resistancesarecomputedasfunctions
of pressure:Ral (p̄au); Rac(p̄a); Raf (p̄a). The resistance
of the aorta Rau could also be modeled using this
method.Initial investigationsshowed that othermecha-
nisms,e.g.,autoregulationor autonomicregulation,may
also affect Rau . As a consequence,we have used an
empiricalmodel to estimateRau , seeSectionIII-B.

D. Gravitational Effect

Gravitational effects are essential during postural
changefrom sitting to standing.Considera cylindrical
vesselwith length ∆z [cm] and time invariant cross-
sectionalareaA [cm2], i.e., dA=dt = 0. Assumethat
thereis no velocity acrossthe vesseland that the blood
pressureis only a function position along the vessel.
Hence,dv=dr = 0, v [cm/sec]and r [cm] denotesthe
velocity andradii, respectively, and the volumetric �o w
rate becomesq = Av [cm3/sec]. Finally, assumethat
the drag force due to viscousshearis proportional to
q. Thus, the drag force per cross-sectionalareaunit is
proportionalto q, i.e., the drag force can be written as
� RAq, whereR [mmHg s/cm3] may be interpretedas
the resistance.In steadystate,the resistanceR is given
by Poiseuille's law

R =
8� � ∆z

A2 ;

where� representsthe �uid viscosity [23].
To derive the mathematicalmodel we proceedby

balancinginertial forceswith thedragforce,thepressure
force, and the gravitational force. The inertial force is
given by

M
dv
dt

= �A ∆z
d
dt

(

q
A

)

= � ∆z
dq
dt

;

where� = 1:055 [g/cm3] is the densityof the �uid and
M [g] is the massof the �uid containedin a pieceof
the vesselwith length∆z [cm] andcross-sectionalarea
A [cm2], seeFig. 4. Thus, Newton's secondlaw that
describesbalancingof forcesgives

� ∆z
dq
dt

= (pin � pout )A + M gcos( ) � RAq;

whereg = 981 [cm/sec2] is the gravitational accelera-
tion. From this it follows that

L
dq
dt

= pin � pout + �g ∆h � Rq; (10)

whereL = � ∆z=A [1/sec2] is the inertanceand ∆h =
∆z cos( ) = hin � hout [cm] is the vertical difference
of the vesselinlet (at hin wherepin is the inlet pressure
andpout is the outlet pressure.During steadystate(10)
reducesto

q =
(pin + �g hin ) � (pout + �g hout )

R
: (11)

Whenmodelingposturalchangefrom sitting to standing
we substitute(11) for Kirchhoff 's current law. Notice,
in the limit g ! 0, (11) approachesthe normal form of
Kirchhoff 's current law given in (1). Also note, in the
caseof energy conservation (R ! 0) Bernoulli's law
for steady�o w is recovered;as a result pin + �g hin =
pout + �g hout . ThusKirchhoff 's currentlaw is still valid
if we interpretp as the hydrostaticpressurep + �g h.

To capture the transition from sitting to standing,
h is de�ned for the lower-body compartmentsas the
exponentiallyincreasingfunction

h(t) =
hM

1 + e−k(t−Tup−� )
; (12)

whereTup [sec] is the time at which the subjectstands
up, hM [cm] is the maximum height neededfor the
mean arterial blood pressurein the �nger to drop as
indicated by the data, and � [sec] is the latency for
standingup. In our experiments,the subjectssits with
their legs elevated and the hand, in which pressureis
measured,is held by a sling at the level of the heart.
Therefore,compartmentsthat representtheheartandthe
�nger are not affected by gravity. Compartmentsthat
representthe brain and the upper-body are exposedto
constanthydrostaticconditions,which are neglectedin
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Fig. 2. “Passive” resistances between compartments that represent the large arteries. The top panel shows Rau(t) (fitted, using (19) with
26 values, marked with stars on the figure) and the bottom panel shows Rac(t) [mmHg sec/cm2] (computed using (9)). Both resistances are
depicted for 45 ≤ t ≤ 90. Both resistances increase as a response to the decreasing pressure and then decrease to a new steady state value.
The resistances Ral(t) and Raf (t) [mmHg sec/cm2] are modeled similar to Rac(t) and show similar trends.
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Fig. 3. The graph shows the mean arterial pressure pa(t) (written as “pam” on the y-axis) [mmHg] for 45 ≤ t ≤ 90. The mean arterial
pressure is computed as a continuous function by solving the differential equation in (16). Similar results were obtained for p̄au(t).
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Initial and optimized regulation parameters
Param. Init. Opt. Param. Init. Opt.

p̄a 92.8 - k(catr ) 2.0 4.58
p̄au 90.0 - RM (catr ) 4× css

vtr 11.99
τC v 10.0 18.57 Rm (catr ) css

vtr /4 0.94
τC a 10.0 13.67 k(Ca) 2.0 0.38
τR 5.0 23.03 CM (Ca) 4× Css

a 4.3× 10−2

τS 5.0 0.076 Cm (Ca) Css
a /4 4.8× 10−4

hH 50.0 46.73 k(Cau ) 2.0 17.22
hk 3.0 3.92 CM (Cau ) 4× Css

au 1.01
δ 0.4 1.26 Cm (Cau ) Css

au /4 0.42
k(Ral ) 5.0 1.48 k(Cal ) 2.0 13.90
RM (Ral ) 10×Rss

al 1.69 CM (Cal ) 4× Css
al 15.25

Rm (Ral ) Rss
al /10 1.1× 10−3 Cm (Cal ) Css

al /4 0.82
k(Rac) 5.0 8.79 k(Cac) 2.0 4.05
RM (Rac) 10×Rss

ac 2.49 CM (Cac) 4× Css
ac 0.23

Rm (Rac) Rss
ac/10 1.3× 10−2 Cm (Cac ) Css

ac/4 7.0× 10−2

k(Raf ) 5.0 3.83 k(Caf ) 2.0 81.34
RM (Raf ) 10×Rss

af 1.5× 10−1 CM (Caf ) 4× Css
af 0.46

Rm (Raf ) Rss
af /10 2.9× 10−5 Cm (Caf ) Css

af /4 1.7× 10−2

k(Raup ) 2.0 5.74 k(Cv ) 3.0 0.47
RM (Raup ) 4×Rss

aup 14.58 CM (Cv ) 5× Css
v 15.32

Rm (Raup ) Rss
aup /4 0.13 Cm (Cv ) Css

v /5 0.52
k(Ralp ) 5.0 10.57 k(Cvu ) 3.0 12.90
RM (Ralp ) 10×Rss

alp 145.19 CM (Cvu ) 5× Css
vu 55.86

Rm (Ralp ) Rss
alp /10 0.41 Cm (Cvu ) Css

vu/5 1.93
k(Raf p) 2.0 3.69 k(Cvl ) 3.0 47.93
RM (Raf p) 4×Rss

af p 64.81 CM (Cvl ) 5× Css
vl 277.94

Rm (Raf p) Rss
af p/4 0.16 Cm (Cvl ) Css

vl /5 0.17
k(cvtr ) 2.0 4.62 k(Cvc) 3.0 15.71
RM (cvtr ) 4× css

vtr 17.27 CM (Cvc) 5× Css
vc 13.89

Rm (cvtr ) css
vtr /4 1.04 Cm (Cvc) Css

vc/5 0.19

TABLE II

OPTIMIZED PARAMETERS. CONSTANTS p̄a AND p̄au DENOTE PRESSURE SET-POINTS USED IN CONTROL -EQUATIONS. TIME-CONSTANTS

τi DENOTE THE TIME DELAY INVOLVED WITH THE CONTROLLED VARIABLES, PARAMETERS FOR GRAVITY DENOTE THE MAX HEIGHT

NEEDED TO OBTAIN OBSERVED PRESSURE DROP, AND A SMALL DELAY δ FROM WHICH THE SUBJECTS STANDS UP. α REPRESENTS THE

WEIGHT FOR THE EXPONENTIAL NEEDED TO COMPUTE THE MEAN ARTERIAL PRESSURE. OPTIMIZED VALUES FOR THE RESISTANCES

AND CAPACITORS INCLUDE ki THAT REPRESENT THE STEEPNESS OF THE SIGMOID, A MAXIMUM (RM OR CM ) AND A MINIMUM (Rm

OR Cm) VALUE. OPTIMIZED VALUES FOR Rau AND Racp ARE SHOWN IN FIGS. 6 AND 2.

thecurrentformulation.Theheightdifferencerelative to
the increasesfor compartmentsthat representthe legs.
Consequently, equationsfor the �o ws qal andqvl will be
modi�ed asdescribedin (11), that is,

qal =
pau � (pal + �g h)

Ral

qvl =
(pvl + �g h) � pvu

Rvl
:

In the top equationhin = 0 and hout = h, whereh is
computedusing (12). In the bottom equationhin = h
andhout = 0.

I I I . MODELING AUTONOMIC REGULATION AND

CEREBRAL AUTOREGULATION

Two main controlmechanismsplay a role; autonomic
regulationandcerebralautoregulation.Autonomicregu-
lation is mediatedvia theautonomicnervoussystemand
causeschangesof resistancesin the vascularbed,com-
pliance,heartrate,andcardiaccontractility. Autoregula-
tion is a local control that maintainscerebralperfusion
despite changesin systemic pressure.Autoregulation
is mediatedvia changesin myogenic tone, metabolic
demands,andCO2 concentration.
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∆h =

∆z cos(ψ) =
g cos(ψ)

= g sin(θ)
= g cos(π/2− θ)

θ

g

pin

∆z

∆z sin(θ) =

pout

ψ

Fig. 4. A vessel segment with cross-sectional area A [cm2] and length ∆z [cm]. At one end the pressure is pin [mmHg] and at the
other end the pressure is pout [mmHg]. The vessel is at an angle ψ with respect to gravity g [g/cm2] and at an angle θ with respect to the
horizontal axis. As indicated on the graph, the difference in vertical latitude is ∆h = ∆z cos(ψ) [cm].

A. Autonomic Regulation

Autonomic regulation is modeledas a pressurereg-
ulation where heart rate (H [beats/sec]),cardiac con-
tractility (ca; cv [mmHg/cm3]), peripheralsystemicre-
sistance(Raup , Ralp [mmHg sec/cm3]), and systemic
compliance(Ca, Cau , Cal , Cac, Caf , Cv , Cvu , Cvl ,
Cvc [cm3/mmHg]) are functionsof meanarterial blood
pressurepa [mmHg].

The changein the controlledparametersaremodeled
using a �rst order differential equationwith a set-point
function dependenton the meanarterial blood pressure
p̄a. This simple model is able to predict the observed
dynamics.In future work we plan to model effects of
changesin sympatheticandparasympathetictone.

dx(t)
dt

=
� x(t) + xctr (pa)

�
: (13)

Theparameterx(t) is controlled,xctr (pa) is theset-point
function,and� [sec] is a time constantthatcharacterizes
the time it takesfor the controlledvariableto obtain its
full effect.Differentvaluesof � wereusedfor controlof
cardiaccontractility, compliance,andresistances,seeTa-
ble II. As describedearlier, autonomicregulationyields
increasesin peripheralvascularresistance,heartrate,and
cardiaccontractility. Heartrateis directly obtainedfrom
data.Hence,it is not modeledusing the set-pointfunc-
tion (13). To obtain increasesin peripheralresistances
(Raup, Ralp, andRaf p) andcardiaccontractility (cla and
cl v) in responseto thedecreasein arterialbloodpressure,

the following set-pointfunction hasbeenused:

xctr (p̄a) = (xM � xm )
� k

2

p̄k
a + � k

2
+ xm : (14)

A sigmoidalfunction wasused,sinceit displayssatura-
tion, i.e., the function hasa maximumand a minimum
valuecorrespondingto maximumdilation andmaximum
constriction of the vessels.In addition, vascular tone
is increased,leading to a decreasein compliancein
responseto a decreasein arterialblood pressure.Hence,
for compliance,the set-pointfunction hasthe form

xctr (p̄a) = (xM � xm )
p̄k

a

p̄k
a + � k

2
+ xm : (15)

Equation(14) givesrise to a decreasingsigmoidalcurve
(i.e., for a decreasingpressurethe value of xctr will
increse),while equation(15) givesrise to an increasing
sigmoidalcurve (i.e., for a decreasingpressurethevalue
of xctr will decrease).The parametersxm and xM are
minimumandmaximumvaluesfor thecontrolledparam-
eterx(t). The parameter� 2 is calculatedto ensurethat
x(t) returnsthe valueof the controlledparameterfound
duringsteadystateoptimization.Initial valuesof param-
etersfor k, xm , and xM are taken from Danielsen[5],
seeTable II.

The above control equationsare formulatedas func-
tions of mean arterial blood pressure.However, our
model describesthe instantaneous(pulsatile) pressure.
Meanvaluesarecomputedasweightedaverageswhere
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the presenttime is weightedhigher thanthe pasttime:

p̄a =
1

N

∫ t

0
pa(s) exp(�  (t � s)) ds: (16)

The normalizationfactorN is introducedto ensurethat
the correctmeanarterial blood pressureis obtainedfor
pa = 1, i.e.,

N =

∫ t

0
exp(�  (t � s)) ds =

1 � exp(�  t)
 

: (17)

Since our mathematicalmodel is describedby differ-
ential equations,it is more ef�cient to implement a
differentialequationto computethe meanarterialblood
pressure.Hence,we differentiate(16) to obtain

dp̄a

dt
=

� p̄a + pa(t)
N

: (18)

A similar equationis usedto calculatep̄au .

B. Cerebral Autoregulation

Upon standing, cerebral autoregulation mediatesa
declinein cerebrovascularresistance(Racp) in response
to the decreasein arterial blood pressure.In addition,
the autonomic system may also play a role, either
by a decreasethe cerebrovascular resistancedue to
cholinergic vasodilationor by an increasethe resistance
due to releaseof noradrenaline[7]. Consequently, it is
not trivial to develop an accuratephysiologicalmodel
that describescerebralautoregulation. Our strategy in
this work has beento use a piecewise linear function
with unknown coef�cients to obtain a representative
function that describesthe time varying responseof
the cerebrovascularresistance.Oncesucha function is
obtained we can interpret the result in terms of the
underlying physiology. To obtain such a function, we
have parameterizedthe cerebrovascularresistanceRacp

usingpiecewise linear functionsof the form

Racp(t) =
n
∑

i =1


 i H i (t); (19)

whereH i are the standard“hat” functionsgiven by

H i (t) =



































t � t i−1

t i � t i−1
; t i−1 � t � t i

t i +1 � t
t i +1 � t i

; t i � t � t i +1

0; otherwise:

(20)

The unknown coef�cients 
 i will be estimatedtogether
with the other control parametersgiven in Table II. As
describedearlier, we have used a similar method to
estimatethe resistanceRau , which may be affectedby
passive nonlinear-resistancesandautonomicregulation.

IV. PARAMETER ESTIMATION

Estimationof model parametershas beendone in a
numberof steps.First we usedphysiologicalproperties
of the systemto determineinitial valuesfor all param-
eters and variables,see Table I. Then we solved the
steadystateproblem(without includingeffectsof gravity
andregulation),i.e., we solved11 equationsof the form
(2), one for eachcompartment.During steadystateall
resistancesand capacitorswere kept constant,hence
terms that involve pdC=dt = 0. Theseequationsare
combinedwith equations(3-7) that determinepressures
in theleft atriumandventricle,andequation(18) thatde-
terminesthe meanarterialpressures̄pa andp̄au . Finally,
we estimateda constantf act usedto calculatecerebral
blood �o w velocity vacp = qacp=f act [cm/sec].We have
useda constantfactor, sincewe assumethat the cross-
sectionalarea of the middle cerebralartery does not
changesigni�cantly [36]. Theseequationsinvolve a total
of 53 parametersthatwereestimatedusingthenonlinear
optimization methodNelder-Mead algorithm, which is
basedon function information computedon sequences
of simplexes[13]. Estimatedparametervaluesareshown
togetherwith initial valuesin TableI. To obtainthe best
possibleparametervalues we used the following cost
function to minimize the differencebetweenmeasured
andcomputedvaluesof cerebralblood�o w velocityvacp

and �nger pressurepaf .

J =
1

N

(

∑N
i=1 (vd;i � vc;i )

2

v̄d
+

∑N
i =1 (pd;i � pc;i )

2

p̄d

)

+

1

M







∑M
i=1

(

vdia
d;i � vdia

c;i

)2

v̄dia
d

+

∑M
i=1

(

vsys
d;i � vsys

c;i

)2

v̄sys
d






+

1

M







∑M
i=1

(

pdia
d;i � pdia

c;i

)2

p̄dia
d

+

∑M
i =1

(

psys
d;i � psys

c;i

)2

p̄sys
d







wherev = vacp andp = paf . Subscriptd refersto data
and subscriptc to the correspondingcomputedvalues.
In the �rst two sums i = [1 : N ], where N is the
number of data points. To comparethe computedxc

and the measuredxd values(x = v; p), interpolationis
usedto evaluatethecomputedat thesamepointsin time
wherethe datais obtained.Eachterm is divided by the
numberof points and the meanvalue of the measured
data. As shown in Fig. 5B our model is not able to
predictsecondorderoscillations.The error due to poor
resolutionof secondorder oscillations is of the same
order of magnitudeas the error due to poor resolution
of the maximum and minimum values. However, for
our modeling purpose,it is important to resolve the
maximum and minimum value, but it is not important
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Fig. 5. A shows the middle cerebral blood flow velocity (vacp(t) [cm/sec]) and arterial finger blood pressure (paf (t) [mmHg]). Both
graphs are depicted while the subject is sitting down, i.e., for 0 ≤ t ≤ 60. B shows zoomed versions of the same plots for 29.4 ≤ t ≤ 34.2.
During steady state, vacp(t) and paf (t) are obtained by solving the differential equations of the form (2), the appendix lists all equations.
On all graphs, the dark lines represent the result of our computations and the underlying light grey lines represent the corresponding data.
The figure shows that our model can accurately predict blood flow velocity and blood pressure profiles while the subject is sitting. However,
as shown on the zoomed plot in B, our model is not able to capture secondary oscillations observed in the data.

to resolve secondorder oscillations. To reward good
resolution of the maximum and minimum values,we
have added four additional sums predicting the error
betweensystolic and diastolic computedand measured
values(indicatedby superscriptssys and dia) of vacp

andpaf . Due to the natureof the pulse-wave, only one
minimum and maximum value is obtainedper period,
hencei = [1 : M ] whereM is the numberof periods
for 45 � t � 90.

After the steady state parameters(constant values
of all resistancesand compliances)were obtainedwe
includedall equationsthat describethe control and ran
anotheroptimization to �t parametersthat describethe
control functions.This secondoptimizationincluded27
ordinarydifferentialequations,11 equationsof the form
(2), two equationsof the form (18), and14 equationsof
the form (13). Theseequationsaresolved togetherwith
the heartmodel describedin equations(3-7), equations
for passive nonlinearresistances(9), equation(12) that

determinesthe height used to calculate gravitational
pooling in the veins,and the piecewise linear functions
usedto parameterizeRacp and Rau . This secondopti-
mizationgave rise to a total of 111parametersthatwere
optimized.Fifty nine parametersare shown in Table II
andFig. 6 and2 show the52 parametersusedto parame-
terizeRacp andRau . During this secondoptimizationall
parametersfoundduringsteadystate(i.e., duringsitting,
for t < 60 sec.)optimizationremainedconstant(at the
optimized values).In general,the inverseproblem for
parameterestimationdoesnot provide a uniquesolution.
In addition,theoptimizedparametersdependbothon the
initial guessesandon the optimizationalgorithm.

The differential equations from our mathematical
model,(2), (13), and(18), aresolved usingMATLAB' s
(The Math Works, Inc., Natick, MA) differential equa-
tionssolver“ode15s”.Initial valuesfor theresistanceand
complianceparameterswerefound from the distribution
of the total blood volume betweencompartmentsand
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Fig. 6. Cerebral vascular resistance Racp(t) [mmHg sec/cm3] for 45 ≤ t ≤ 90. The cerebral vascular resistance is computed using the
piecewise linear equation described in (19). We used 26 values (indicated by stars on the figure) to estimate the cerebrovascular resistance.
Our results show that shortly after standing, at t = 60 sec., cerebral autoregulation leads to a decrease in cerebrovascular resistance. This
decrease is followed by an increase to a new steady state value slightly higher than the steady state value during sitting (for t ≤ 60 sec.).

steady state estimatesfor the pressurevalues in the
variouscompartments.The blood volumedistribution is
obtainedusing the quantitiessuggestedby [3]. Initial
valuesfor theresistancesandcomplianceswerebasedon
previously reportedvaluesfor blood volumesand �o w
rates[3], while bloodpressurevalueswereobtainedfrom
standardphysiologyliterature,e.g.,[4]. Volumesfor each
compartmentaregiven by

V = Cp + Vunstr :

whereVunstr is theunstressedvolume,i.e., thepartof the
volumethat is not pumpedout during the cardiaccycle.
Thereforeinitial valuesfor compliancesand resistances
arecalculatedby

C =
V � Vunstr

p
;

R =
pin � pout

q
:

Theseinitial valuesaregivenin TableI. Initial valuesfor
pressuresandunstressedvolumesaregiven in TableIII.

V. EXPERIMENTAL DATA

Our model was validated against continuousphys-
iological data obtained from a young subject during
transitionfrom sitting to standing.In particular, we used
arterialbloodpressuremeasurementsfrom the�nger and
arterialblood�o w velocity measurementsfrom themid-
dle cerebralartery; [15]. Eachsubjectwasinstrumented
with a3-leadechocardiogram(ECG)(Collins,TX, USA)
to obtain heart rate and a photoplethysmographiccuff

on the middle �nger of the right handsupportedat the
level of the right atrium to obtainnon-invasive beat-by-
beatbloodpressure(Finapres,Ohmeda,CO, USA). The
middlecerebralarterywasinsonatedby placinga 2 MHz
Dopplerprobe(Nicolet Companion,WI, USA) over the
temporal window to obtain continuousmeasurements
of blood �o w velocity. The envelope of the velocity
waveformwasderivedfrom thefastFouriertransformof
the Dopplersignalasdescribedby Aaslid et al. [1]. All
physiologicalsignalsweredigitizedat 500 Hz (Windaq,
Dataq Instruments,OH, USA) and stored for off-line
analysis.Blood pressurereductionof approximately30
mmHg upon standingup was usedas a challengefor
cerebralautoregulation.Subjectssatin a straight-backed
chair with their legs elevatedat 90 degreesin front of
them. They were then asked to stand. Standing was
de�ned as the moment both feet touched the �oor .
Subjectsperformedtwo trials of a 5 minutesit followed
by standingfor oneminute,andone trial of a 5 minute
sit followed by a 6 minutestand.

VI. RESULTS

Results from our modeling effort, discussedin the
previous sections,are describedbelow. First, it should
benotedthatwe wereableto obtainexcellentagreement
betweensimulationsandmeasureddata.Fig. 7 showsthe
characteristicfeaturesof themeasureddata.After stand-
ing up at t = 60 sec.,the blood pressure(both systolic,
diastolic, and mean values) dropped signi�cantly. At
the sametime, the meanblood �o w velocity decreased
during the transitionfrom sitting to standing(dark line
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Total Unstressed
Param. [mmHg] volume [cm3] volume [cm3]

pa 70.0 Va 40.0 V unstr
a 32.0

pau 72.0 Vau 300.0 V unstr
au 240.0

pal 73.0 Val 233.7 V unstr
al 151.9

paf 70.0 Vaf 80.0 V unstr
af 64.0

pac 70.0 Vac 70.0 V unstr
ac 56.0

pv 2.0 Vv 183.2 V unstr
v 168.5

pvu 2.1 Vvu 1909.5 V unstr
vu 1756.7

pvl 2.2 Vvl 724.6 V unstr
v l 652.1

pvc 43.0 Vvc 391.4 V unstr
vc 360.1

Vlv 68.0
Vla 172.0

TABLE III

INITIAL VALUES FOR PRESSURES, TOTAL AND UNSTRESSED VOLUMES. INITIAL PRESSURES ARE ESTIMATED BASED ON STANDARD

PHYSIOLOGICAL TEXTS [4], [7]. INITIAL VOLUMES ARE ESTIMATED BASED ON THE WORK BY BENEKEN [3].
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Fig. 7. Measured arterial blood pressure paf (t) [mmHg] in the middle finger (top graph), cerebral blood flow velocity vacp(t) [cm/sec]
(middle graph), and heart rate H(t) [beats/sec] (bottom graph) for a young subject. All graphs are depicted for 45 ≤ t ≤ 90. In the top two
graphs, the light grey lines show the time-varying values, and the solid dark lines show the corresponding beat-to-beat mean values. The
heart rate is obtained by H = 1/T , where T [sec] is the duration of the cardiac cycle. Immediately after standing (at t = 60 sec.), both
pulsatile and mean blood pressure dropped significantly, at the same time the mean blood flow velocity dropped while the pulsatile blood
flow velocity widened (i.e., the systolic value increased and the diastolic value decreased). Initially, the heart rate increased followed by a
new steady state at a higher level than during sitting.

through pulsatile velocity data). However, while both
systolicanddiastolicvaluesof pressuredecreased,only
diastolicvalueof the blood �o w velocity is diminished.
Thesystolicvaluesremainat baselineor is evenslightly
increased.This yields a signi�cant widening of the
pulsatile �o w, a featuretypical for young peoplewith
normal regulatoryresponses[15].

First, we evaluatedour modelsability to reproduce
the dynamicsduring steadystate (i.e., during sitting,
for t � 60 sec.).We applied initial parametervalues
from physiological considerationsas describedabove.

Then,we �tted our model (without including equations
that describeresistancesof large arteriesas non-linear
functionsof pressure(9) equationsthat describeactive
control (13) and (19)) to the data-set.The duration of
the cardiac cycles was obtained from the ECG, see
Fig. 7. Simulationresultsareshown in Fig. 5. This �gure
shows that we have obtained an excellent agreement
betweenour model and the data during steadystate.
However, note that our model is not able to resolve
details the secondaryoscillationsobserved within each
cardiaccycle,seeFig. 5B, a featurethatat presentis not
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includedin our heartmodel.
Thesecondstepin validatingour modelis to illustrate

thatwe canmodeleffectsof venouspoolingafterstand-
ing up. Venouspooling resultsin dramaticreductionsof
both cerebralblood �o w velocity and arterial pressure,
seeFig. 8. This �gure shows that with the parameters
listed in Tables I and II it is possible to decrease
bothblood �o w velocity andpressure.Two observations
shouldbe noted.First, while we did not includeeffects
of the control, we still see an increasein heart rate,
becauseheartrateinformationis obtainedfrom thedata,
seeFig. 7. Second,eventhoughbothblood�o w velocity
andpressuredrops,immediatelyafterstanding(at t = 60
sec.)thepulseamplitudefor bothblood�o w velocityand
pressureremainvery narrow.

Next, we demonstratetheimpactof thenonlinearrela-
tionshipbetweenpressureandthe vascularresistanceof
thelargearteriesasdescribedin SectionII-C, i.e.,we let
Ral (p̄au); Rau(p̄a); Rac(p̄a), and Raf (p̄a) be functions
of pressure.Using the samevalues for all remaining
parameters,the result of this simulation is shown in
Fig. 8B. Note that thepulsepressureamplitudeis higher
immediately after standing(from 60 � t � 65 sec.)
and thus the model better representsmeasuredvalues
(comparedark lines in Fig. 8A and B in the transition
region, for 60 � t � 65 sec.).

The third step is to incorporateall active control
mechanisms.Resultsthat include effects of both auto-
nomicregulationandautoregulationareshown in Fig. 9.
Our model is able to predict the changein the overall
pro�le during thetransitionfrom sitting to standing.The
only minor differenceis that the data include a slight
overshootin pressurewhile the subjectstandsup.

Autonomic regulation was included using a model
thatpredictsparametersasa functionof pressure.While
this methoddoesnot incorporateeffectsof sympathetic
versus parasympatheticactivation it does include net
effects of neurogenicregulation. In future work, we
plan to develop a model that separatessympatheticand
parasympatheticresponses.Effectsof cerebralautoregu-
lation aremodeledusing the empiricalmodeldescribed
in equation(19). We have chosento include26 pointsto
representthedynamicsof thecerebralvascularresistance
Racp, seeFigs.6. This �gure shows that Racp decreases
due to autoregulation as a responseto the decreasein
pressure.From earlierwork [27] we expectedan initial
increasebefore the decrease,however, the model used
in our previous work wasmuchsimpler thanthe model
used in the current work. In particular, the parameter
that representtheperipheralresistanceRp in [27] lumps
the peripheralresistancefrom the entire body, i.e., it
combinesRacp, Raup, Raf p, andRalp. Consequently, it

can be dif�cult to useRp to describethe dynamicsof
the cerebrovascularresistanceRacp, as we attemptedto
do in [27].

The resistanceof the upper body Rau was also
modeledusing a piecewise linear model with unknown
parametersasdescribedby (19). We expectedthat Rau

maydependbothon autonomicregulationandbea non-
linear passive function of pressure.This resistancedoes
follow trends predicted by remaining resistancesthat
representthe large arteries,seeFig. 2. Hence,in future
work we plan to model this resistanceusingthe passive
non-linearmodeldiscussedin SectionII-C.

Finally, Fig. 10 depicts the dynamics of some of
the controlled variables.The �gure shows the arterial
resistanceRaup, the cardiaccontractilityof the left ven-
tricle cl v , andthe venouscompliancein the upperbody
Cvu . Theseresultsdo display quite different dynamics
of the three types of variables.In particular, note that
the complianceandperipheralresistancedo not reacha
steadystateduring the 10 sec.following the transition
from sitting to standing(from 80 � t � 90 sec.).This
maybecausedby thefact that thedynamicsthatchange
the ventricular contractility occursover a much faster
time-scalethanchangesthat affect resistancesandcom-
pliances.Finally, it shouldbenotedthat thedynamicsof
other resistances,capacitors,and atrial contractility are
similar to the parametersshown in this �gure.

VII . CONCLUSION

In summary, we have developeda 11 compartmental
model that canpredictcerebralblood �o w velocity and
�nger bloodpressure.This modelincludesphysiological
description of dynamics as a responseto hydrostatic
pressurechangesobtainedduring posturalchangefrom
sitting to standing. Furthermore,our model includes
non-linearfunctionsdescribingresistancesof the large
systemicarteriesas functions of pressure.To regulate
blood pressureandcerebralblood �o w velocity follow-
ing posturalchangefrom sitting to standing,our model
includesautonomicregulationusing �rst-order differen-
tial equationsregulatingcardiaccontractility, peripheral
resistance,andvasculartone(compliance).Furthermore,
we have included an empirical model describing the
dynamicsof cerebralvascularresistance.Validation of
our modelagainstonedatasetshowedthat,by including
the mechanismsdescribedabove our model is able to
reproducethedynamicsof blood�o w velocityandblood
pressureneededto compensatefor hypotensionobserved
during posturalchangefrom sitting to standing.

Modeling of physiologicalresponsesto standingen-
ablesa better understandingof physiologicalmechan-
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Fig. 8. Cerebral blood flow velocity (vacp(t) [cm/sec]) and arterial finger blood pressure (paf (t) [mmHg]) for 45 ≤ t ≤ 90. This figure
shows the effect of standing up without including active control mechanisms. A shows that both blood flow velocity and blood pressure
(dark lines) decrease due to the redistribution of volumes obtained by changes in hydrostatic pressure. This graph is obtained by solving
equations of the form (2), where gravity is included as shown in (11). B shows the effect of including nonlinear functions of pressure for
large arterial resistances as described in (9). Note, immediately after standing (from 60 ≤ t ≤ 65 sec.) the pulse-pressure is much wider. In
both figures the dark lines represent the simulated model results while the light grey lines represent the data.
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Fig. 9. Autonomic regulation and cerebral autoregulation of arterial finger blood pressure paf (t) [mmHg] and cerebral blood flow velocity
vacp(t) [cm/sec] for 45 ≤ t ≤ 60. This figure shows that our model is able to reproduce data well, as before dark lines represent model
simulations while the underlying light grey lines represent the data. This graph is obtained by solving cardiovascular equations of the form
(2), including gravity as described in (11), passive resistances (9), and autonomic and autoregulatory (13) and (19). Notice, the main region,
where the model does not capture the dynamics of the data is just before returning to steady state during standing, i.e., for t ≈ 80 sec.
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Fig. 10. Dynamics of the controlled variables. The figure shows the peripheral resistance in the upper body Raup(t) [mmHg sec/cm3], the
cardiac contractility of the left ventricle clv(t) [mmHg/sec], and the compliance of the veins in the upper body Cvu(t) [cm3/mmHg], for
45 ≤ t ≤ 90. These results are obtained by solving (13) together with equations for the cardiovascular system (2). Autonomic regulation
yields increase in peripheral resistance, cardiac contractility and vascular tone. The latter yields a decrease in compliance as shown on the
figure. The timing of the different controls vary, especially, note that the cardiac contractility changes faster than resistances and capacitors.
Regulation of the remaining resistances, contractility, and compliances showed similar responses.
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imsms underlying disordersrelated to orthostatic tol-
erance,e.g., orthostatichypotensionand syncope.Our
modelpredictsthat in the absenceof regulatorymecha-
nisms(asshown in Fig. 8) bloodpressureandblood�o w
velocity declineduponstandingup, anddid not recover
to baselinein the upright position.This modelingresult
hasnot beenvalidatedagainstdata.However, similar re-
sponseshave beenobservedclinically. For example,sus-
tainedbloodpressurereductionin theuprightpositionis
seenin clinical syndromeswith orthostatichypotension
associatedwith autonomicfailure [16], [17]. Different
etiologies and severity of autonomicfailure may lead
to differencesin pathophysiologicalresponsesduring
standingup. For example,severe peripheralautonomic
failure, suchas pure autonomicfailure or diabeticneu-
ropathy, may be associatedwith orthostatichypotension
with no heart rate increment.Cerebralautoregulation
that maintainscerebralperfusionover a wide rangeof
pressure[25] may be preserved,expandedor reducedin
orthostatichypotension.However, cerebralblood �o w
would declinewith impairmentof autoregulationand/or
when blood pressureis diminishedbelow the autoreg-
ulatedrange.A transientimpairmentof autonomicand
cerebralblood �o w control is commonin youngpeople
with vasodepressorsyncope.This is associatedwith a
withdrawal of sympathetictonefollowedby a declineof
blood pressureandcerebralperfusion[9], [22], [24].

Furthermore,our resultsshow that by including pas-
sive nonlinearresponsesof resistancesin the large ar-
teries we can obtain suf�cient widening of the pulse
pressureamplitudeobserved immediatelyafter standing
up. This responseis immediate, and is thus not a
regulatoryresponse,but rathera purelypassive response
that occurs due to the nature of the underlying �uid
dynamics.In thecurrentwork we describedanelaborate
model for predicting effects of hydrostatic changes,
even though this model was only validated for sit-to-
stand, i.e., cos( ) = 1. The advantageof the model
derived in the presentpaperis that it may be applicable
to predict hydrostaticeffects observed during tilt-table
experiments.This is a topic that we plan to explore
further in future work.

The main accomplishmentof this work is that our
modeldescribeshow autonomicregulationandcerebral
autoregulationplay a synergistic role in thecontrolof ar-
terial bloodpressureandcerebralblood�o w velocity. In
particularit shouldbenoticedthatthecerebralresistance
�rst decreases,then increasesduring active standing.
This result is different from previous �ndings in [27],
thatsuggestedaninitial increasefollowedby a decrease.
However, the new result is not surprising, since the
currentstudyis performedwith a morecomplex closed-

loop model.The main advantageof the closed-loop11
compartmentalmodelpresentedin this study is that the
cerebrovascularresistanceoffers a moreaccuraterepre-
sentationof the brain, which doesnot include aspects
of the restof thebody. For example,previouswork [27]
usedthemeasuredpressureasaninputandincludedonly
one compartment.Hence,the peripheralresistancewas
not distinguishedbetweenresistanceof thebodyandthe
brain. Furthermore,it shouldbe noticed that the curve
for Racp display hysteresiseffects: Immediately after
standingthedecreaseof Racp is faster, thantheincrease,
observed for t � 70 during the phasewhereblood �o w
velocity is returning to its normal value. Hysteresisin
vascularresistancein responseto decreasingandincreas-
ing pressuresmay re�ect differencesbetweencerebral
and peripheral vasculaturethat account for time lags
betweencentraland peripheralresponses.With normal
autoregulation,blood �o w velocity precedeschangesin
peripheralblood pressure,re�ecting local adjustments
to intracranialpressure[26]. In future work we plan to
studytheseeffects in moredetail, by proposinga phys-
iological model for autoregulation,separatingeffectsof
local regulation and autonomic regulation. Finally, it
should be noticed that to obtain a blood �o w velocity
duringstandingthatis equivalentto sitting,theresistance
reachesa set-pointthat is higher during standingthan
during sitting.

Results for parametersrepresentative of autonomic
regulation shows that theeseparametersreact as ex-
pected: peripheral resistanceand cardiac contractility
increases,while compliancedecreases,seeFig. 10. As
describedin our resultsthe contractility increasesmuch
fasterthan the peripheralresistance.This could be due
to the morerapid effectsof parasympatheticwithdrawal
acting on contractility, comparedto sympatheticactiva-
tion, which hasa later effect on contractility, peripheral
resistance,and compliance.In future work, we plan to
usetheseobservationsto developa physiologicalmodel
thatcanpredictautonomicregulationby introducingsep-
aratemodelsof both sympatheticand parasympathetic
responses.

Finally, the optimizedparametersdependboth on the
initial estimatesand on the optimization algorithm. In
particular, it should be noted that some of the maxi-
mum values for the resistancesand complianceshave
large values, which are physiologically unrealistic. In
the future, more work will be done to estimate the
unknown parametersthatlie within physiologicalranges.
Oneapproachwould be to boundthe parameterswithin
lower andupperlimits. This would leadto a constrained
optimization problem,which is more dif�cult to solve
thantheunconstrainedproblemusedfor theinvestigation
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reportedin this paper. Furthermore,we plan to improve
the parameteridenti�cation methodso that it becomes
feasibleto use the proposedmodel to analyzedatasets
from a larger population of people. In particular, we
plan to use the proposedmodel to study the effects
of aging and cardiovasculardiseaseson autonomicand
autoregulatoryresponsesto posturalchange.
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APPENDIX

The completesystemof differentialequationsneeded
to describeall �o ws and pressuresshown in Fig. 1
consistof 11 ordinarydifferentialequations.For eachof
the 9 compartmentsthat representthe arteriesandveins
we obtain differential equationsof the form (2). These
9 equationsaregiven by

Ca
dpa

dt
= qav � qac � qaf � qau � pa

dCa

dt

Cau
dpau

dt
= qa � qal � qaup � pau

dCau

dt

Cal
dpal

dt
= qau � qalp � pal

dCal

dt

Caf
dpaf

dt
= qa � qaf p � paf

dCaf

dt

Cac
dpac

dt
= qac � qacp � pac

dCac

dt

Cvl
dpvl

dt
= qalp � qvl � pvl

dCvl

dt

Cvu
dpvu

dt
= qvl + qaup � qvu � pvu

dCvu

dt

Cv
dpv

dt
= qvu + qaf p + qvc � qv � pv

dCv

dt

Cvc
dpvc

dt
= qacp � qvc � pvc

dCvc

dt
;

whereeachof the �o ws aredeterminedusingKirchoff 's
currentlaw. The list of �o ws aregiven by

qav =
pl v � pa

Rav

qau =
pa � pau

Rau

qal =
pau � pal � �g h

Ral

qaf =
pa � paf

Raf

qac =
pa � pac

Rac

qaup =
pau � pvu

Raup

qalp =
pal � pvl

Ralp

qaf p =
paf � pv

Raf p

qacp =
pac � pvc

Racp

qv =
pv � pla

Rv

qvu =
pvu � pv

Rvu

qvl =
pvl � pvu + �g h

Rvl

qvc =
pvc � pv

Rvc

qmv =
pla � pl v

Rmv
:

Finally, differentialequationsfor the two compartments
that representthe left atrium andventriclearegiven by

dVl v

dt
= qmv � qav

dVla

dt
= qv � qmv :

For thesecompartments,pressuresare computedusing
the heartmodeldiscussedin SectionII-B.
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