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Abstract. Perfusion imaging guides clinical evaluation of stroke and
brain tumors by characterizing tissue-level hemodynamics. Routine
quantification relies on manual arterial input function (AIF) selection
followed by deconvolution, producing summary maps without an exe-
cutable temporal model for simulation or mechanistic insight. Tracer-
dynamics-based models infer transport or compartmental parameters
from perfusion time series, but do not yield clinically actionable per-
fusion indices (e.g., CBF, CBV, MTT) that inform diagnosis and treat-
ment decisions. In this work, we propose HemoPIC, a physics-informed
cerebral hemodynamics digital twin that explains perfusion time series
through tracer mass conservation and a lumped parameter hemodynamic
model. Specifically, HemoPIC solves a constrained inverse problem that
jointly estimates digital twin parameters and latent states from perfusion
imaging, eliminating manual AIF selection and deconvolution from rou-
tine perfusion quantification while directly producing clinically action-
able perfusion summary maps. Experiments demonstrate that HemoPIC
reconstructs tracer dynamics, generates physiologically consistent perfu-
sion maps with lesion hypoperfusion patterns, satisfies central volume
consistency, and yields a mechanistic hemodynamic digital twin. Code is
publicly available at https://github.com/jhuldr/HemoPIC.
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1 Introduction

Medical digital twins construct patient-specific models that link clinical observa-
tions to latent physiological states. A standard twin supports patient monitoring,
forecasting, and risk stratification. A physics-informed twin goes further. It en-
codes conservation laws and physiologic dynamics, enabling forward simulations,
backward inference to reveal the physiology underlying clinical observations, and
counterfactual evaluation of hypothetical interventions. Although digital twins
have been explored for organs such as the heart, lung, and liver [10,14], cerebral
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digital twins remain underexplored, largely due to the brain’s structural com-
plexity and the identifiability bottleneck under routine clinical measurements.
In particular, variability in the Circle of Willis and collateral flow pathways
complicates reliable inference of regional perfusion under occlusion [9].

Perfusion imaging, such as dynamic susceptibility contrast (DSC) MRI which
measures cerebral blood flow via intravascular tracer injections, is widely used
to assess cerebral perfusion and vascular permeability in stroke, brain tumors,
and neurodegeneration [6,11]. Clinically, perfusion image analysis typically de-
rives spatial summary maps, such as cerebral blood flow (CBF), cerebral blood
volume (CBV), and mean transit time (MTT), from the observed tracer time
series using voxelwise kinetic modeling [8]. However, this process requires man-
ual selection of an arterial input function (AIF) followed by deconvolution, a
sensitive inverse approximation step that could introduce substantial variabil-
ity in the resulting perfusion summary maps [15]. Because treatment decisions
(e.g., thrombectomy) rely on static thresholding of these maps [1], small al-
gorithmic differences can lead to large discrepancies in penumbra estimation
and potentially inconsistent clinical decisions. Deep-learning-based models have
shown promise in improving the speed, robustness, and accuracy of conven-
tional perfusion-map computation [5,13,24,25]. Nevertheless, the conventional
AIF-based pipeline ultimately produces summary maps rather than an explicit
hemodynamic state evolution governed by physical dynamics. This limits their
utility for broader patient-specific modeling, temporal prediction, and potential
action-enabled treatment simulation [19].

Several recent efforts move beyond static map-based postprocessing by in-
corporating physics-based modeling. Tracer transport approaches [17,18,19,20]
fit an advection-diffusion model, governed by spatially varying blood velocity
and diffusion fields, directly to the spatiotemporal tracer dynamics. These ap-
proaches enforce a physical law and capture spatial coupling beyond voxelwise
kinetic fitting. Quantitative transport mapping [28] applies a conservation law
tracer transport model to infer flow-related fields from dynamic imaging, demon-
strated in the kidney with multi-delay arterial spin labeling and angiography-
informed vascular priors, and in the liver with dynamic contrast-enhanced (DCE)
MRI [23]. These transport-derived fields can be estimated without manual AIF
selection. However, translating them into clinically actionable perfusion indices
such as CBF remains nontrivial. One notable exception is [3], which formulates a
physics-informed cerebral hemodynamics digital twin with latent states defined
directly in volumetric CBF; however, it requires multimodal bedside monitor-
ing signals, including arterial blood pressure (ABP), intracranial pressure (ICP),
transcranial Doppler [4], and end-tidal carbon dioxide [16], in addition to perfu-
sion imaging. These signals are not standardized in routine clinical practice.
Contribution: In this work, we introduce HemoPIC: a Physics-Informed
Cerebral Hemodynamics digital twin constructed from routine perfusion imaging
alone. HemoPIC infers temporal hemodynamic latent states that govern the full
tracer inflow-outflow passage and enable forward simulation. By introducing a
lumped terminal hemodynamic closure on spatially aggregated tracer dynamics,
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Tracer Transport (Sec. 2.1): fr
in(t) :=

∫
Γr
in(t)

(
− u(x, t) · nr(x)

)
dS, fr

out(t) :=
∫
Γr
out(t)

(
u(x, t) · nr

)
dS

Digital twin parameters: Θ =
⋃N

r=1 Θr, obtained by minimizing L in (5)

through the tracer dynamics and lumped Windkessel coupling derived in (4)

Estimating HemoPIC Underlying Physical Dynamics Parameters (Sec. 2.2) CBF CBV MTT

t(s)

Fig. 1. HemoPIC overview. Given measured tracer dynamics, HemoPIC estimates
regional blood inflow (fr

in) and outflow (fr
out) without requiring AIF, by coupling tracer

transport with patient-specific hemodynamics in a physics-grounded formulation.

HemoPIC links blood inflow, cerebrovascular storage, and blood outflow within a
compact physical structure without patient-specific outlet conditions. Notably,
HemoPIC eliminates manual AIF selection, bypasses deconvolution pipelines,
and yields hemodynamic latent state estimates that directly lead to clinically
interpretable perfusion summary maps. Experiments show that HemoPIC gen-
erates clinically consistent perfusion summary maps, satisfies central volume
theorem consistency, and reveals underlying Windkessel dynamics. Importantly,
it is the first method to reconstruct the complete inflow–outflow tracer passage.

2 Patient-Specific Hemodynamic Digital Twin for
Cerebral Perfusion via Tracer Transport

Sec. 2.1 formulates the forward model that links perfusion tracer dynamics with a
lumped Windkessel model. Sec. 2.2 presents a parameter inference procedure by
solving the resulting composite inverse problem from observed tracer dynamics.
Fig. 1 provides an overview of the HemoPIC framework.

2.1 Regional Cerebral Inflow-Outflow Model Formulation

High-dimensional cerebrovascular simulations solve incompressible conservation
laws to estimate intravascular blood flow velocity and pressure fields, but their
predictions are highly sensitive to boundary conditions, with inlet waveforms and
physiological assumptions significantly influencing hemodynamic outputs [22,27].
Furthermore, intravascular fields alone do not directly yield clinical perfusion
indices (e.g., CBF) without additional tracer kinetic modeling [8,21], and outlet
boundary conditions typically require terminal lumped resistance models [12].

To mitigate this boundary-condition sensitivity, we adopt a regionally ag-
gregated formulation. Specifically, we consider a partition of the brain domain
Ω ⊂ R3 into N disjoint subsets {Ωr}Nr=1, such that Ω =

⋃N
r=1 Ωr. Each subset

Ωr denotes a spatial cluster with boundary ∂Ωr and an associated outward unit
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normal vector nr(x) for x ∈ ∂Ωr. These subsets correspond to subject-specific
anatomical units, such as vascular compartments defined by tissue geometry
and structural segmentation [2]. Let u(x, t) := (ux(x, t), uy(x, t), uz(x, t))⊤ de-
note the spatiotemporal blood flow velocity in directions x, y, z, respectively. For
a given Ωr, we partition the boundary as ∂Ωr = Γ r

in(t) ∪ Γ r
out(t), where Γ r

in(t)
and Γ r

out(t) denote the boundary of blood inflow and outflow, respectively,

Γ r
in(t) :=

{
x ∈ ∂Ωr : u(x, t) · nr < 0

}
, Γ r

out(t) :=
{
x ∈ ∂Ωr : u(x, t) · nr > 0

}
.

We then define the effective volumetric inflow and outflow rates for Ωr by

fr
in(t) :=

∫
Γ r
in(t)

(
− u(x, t) · nr(x)

)
dS, fr

out(t) :=

∫
Γ r
out(t)

(
u(x, t) · nr

)
dS.

Lumped Windkessel Model. To link regional inflow and outflow without
subject-specific outlet boundary data, we incorporate a two-element Windkessel
model as a terminal impedance boundary condition for each tracer compartment.
Specifically, for each partition Ωr, the model couples the effective inflow and
outflow rates (fr

in(t), f
r
out(t)) through regional lumped parameters θr = (θrW , θrR),

θrW
d

dt
(P r(t)− P r

v ) = fr
in(t)− fr

out(t), fr
out(t) =

P r(t)− P r
v

θrR
,

where P r(t) denotes an effective microvascular pressure state, P r
v denotes a con-

stant downstream reference pressure, θrR > 0 denotes an effective resistance, and
θrW > 0 denotes an effective compliance. Equivalently, we have the expression:

fr
out(t) = fr

out(0) exp

(
− t

τ r

)
+

1

τ r

∫ t

0

exp

(
s− t

τ r

)
fr
in(s)ds, (1)

where τ r = θrW ·θrR. Within each partition Ωr, θrW represents vascular compliance
(blood storage), θrR represents resistance (blood discharge), and product τ r sets
the characteristic relaxation time governing outflow response to inflow changes.

Tracer Dynamics. We further link the above regional inflow-outflow formula-
tion to perfusion tracer dynamics. Let Cr(x, t) denote the tracer concentration
at x ∈ Ωr, at time t. The advection-diffusion equation [18,19] gives:

∂Cr(x, t)

∂t
= −∇ · (u(x, t)Cr(x, t)) +∇ · (D(x, t)∇Cr(x, t)), (2)

where D governs the tracer’s diffusion. Integrating both sides over Ωr and ap-
plying the divergence theorem, the right-hand side of (2) becomes:

−
∫
∂Ωr

(u(x, t)Cr(x, t)) · nrdS︸ ︷︷ ︸
:=Φr

A(t)

+

∫
∂Ωr

(D(x, t)∇Cr(x, t)) · nrdS︸ ︷︷ ︸
:=Φr

D(t)

, (3)
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where Φr
A(t) admits the decomposition:

Φr
A(t) = −

∫
Γ r
out(t)

(u(x, t) · nr)Cr(x, t)dS −
∫
Γ r
in(t)

(u(x, t) · nr)Cr(x, t)dS.

To compactly represent the advective flux, we define the weighted concentration
flux, with a minus sign for inflow and a plus sign for outflow:

Cr
in/out(t) :=

1

fr
in/out(t)

·
∫
Γ r
in/out

(t)

± (u(x, t)·nr(x))Cr(x, t) dS.

For an effective distribution volume Vr, we define the cluster level state average
concentration C̄r(t) :=

1
Vr

∫
Ωr

Cr(x, t)dx. Then, (3) becomes

d

dt
(VrC̄r(t)) = fr

in(t)C
r
in(t)− fr

out(t)C
r
out(t) + Φr

D(t). (4)

Regional integration converts the diffusion term in [18,19] into a net boundary-
flux residual rather than a voxelwise field. We thus set Φr

D = 0 in (4) ∀r, assuming
that effective inflow, outflow, and storage capture regional tracer exchange.

2.2 Estimating Underlying Physical Dynamics Parameters

Here, we formulate the parameter-estimation problem for the digital twin in
Sec. 2.1 from perfusion-derived volumetric tracer time series. Since perfusion
source data do not uniquely identify region-specific inflow rates and boundary
conditions, we adopt a reduced parameterization that preserves the characteristic
relaxation scale of the Windkessel, while keeping the inverse problem identifiable.
Specifically, for r ∈ [N ], we compute the regional mean concentration

{
C̄r(t) |

t ∈ [T ]
}

by averaging voxelwise concentrations within each region, and consider
a regional constant inflow fr

in(t) = Fr. We represent the inflow concentration
through a region-specific amplitude C̄r

in > 0, modulating a shared inflow shape
Cr

in(t) = C̄r
in · Cart(t), where Cart(t) is a unit peak arterial proxy curve shared

across clusters. The resulting composite model contains two parts. First, the
lumped Windkessel model computes the blood outflow f̂r

out(t) from (Fr, θ
r
W , θrR)

under a fixed initial condition (1). Second, the reduced tracer compartment yields
the regional concentration Ĉr(t) with (Vr, C

r
in(t), f̂

r
out(t)). Together, we estimate

the digital twin parameters, Θ =
⋃N

r=1 Θr, where Θr =
{
θrW , θrR, Vr, Fr, C̄

r
in

}
,

by minimizing the following loss with regularization coefficients λin, λV , λF , λR:

L =

N∑
r=1

∑T
t=1 ω(t)

(
Ĉr(t;Θr)− C̄r(t)

)2∑T
t=1 ω(t)C̄r(t)2 + ϵ

+ λinLin + λV LV + λFLF + λRLR, (5)

subject to θrR, θ
r
W , Fr, Vr, C̄

r
in > 0 for all r, where ω(·) is a positive time weight

that modulates each time point’s contribution, Lin =
∑

r(log C̄
r
in − logCr

prior)
2,

LV =
∑

r(log Vr − log V prior
r )2 and LF =

∑
r(logFr − logF prior

r )2 with positive
priors C̄r

prior, V
prior
r and F prior

r derived from data to stabilize the inverse problem.
We additionally apply LR =

∑
r(log θ

r
R − log θ0R)

2, where θ0R > 0 is a fixed
reference resistance used to avoid extreme values under limited identifiability.
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Lesion Deconv CBF HemoPIC CBF

0 35 70

Deconv CBV HemoPIC CBV

0 3.5 7

Deconv MTT HemoPIC MTT

0 7.5 15

Fig. 2. Qualitative comparison of ISLES 2017 silver-standard, AIF-based deconvolu-
tion maps and HemoPIC-derived maps, shown with identical scales for each parameter.

3 Experiments

We evaluate HemoPIC on the ISLES 2017 acute ischemic stroke dataset [26],
consisting of 44 patients with 4D DSC-MRI perfusion images, deconvolution-
derived perfusion maps (CBF, CBV, MTT), and gold-standard expert-annotated
lesion masks. MR signals are converted to voxelwise tracer concentration [8].

To obtain anatomically meaningful partitions {Ωr}Nr=1, we apply SynthSeg [2]
to segment grey matter (GM), white matter (WM), cerebrospinal fluid (CSF),
and brain stem. GM and WM are further divided using k-means on tracer time-
curve features (8 clusters for GM, 6 for WM), and neighboring clusters with fewer
than 400 voxels are merged. For each Ωr, parameters are fitted from the regional
mean concentration curve. A global arterial curve Cart(t) is constructed from
high-peak time curves, smoothed (Gaussian std = 1.8), and peak-normalized.
F prior
r (V prior

r ) is set from median CBF (CBV) within Ωr, C̄r
prior is set from the

peak of smoothed Cr(t). We optimize using Powell’s method with λin = 0.06,
λV = λF = 0.04, λR = 0.002, θ0R = 1. Loss weights ω(t) are set as 0.2+0.8Cart(t),
restricting evaluation to time points with ω(t) ≥ 0.2 to emphasize tracer passage.

3.1 Consistency and Comparison with AIF-based Silver Standards

We first compare the perfusion summary maps (CBF, CBV, MTT) from conven-
tional deconvolution-based methods and HemoPIC. We report regional CBF and
CBV on the same numerical scale conventionally used in deconvolution-based
models. MTT is reported in seconds. We set the regional mean CBF in Ωr to
the mean over the last 20% of the estimated blood outflow f̂r

out(t), then modulate
it voxelwise within Ωr using each voxel’s tracer curve to capture within-cluster
heterogeneity, excluding non-parenchymal regions. Similarly, we set the regional
mean CBV in Ωr to the estimated effective volume Vr, and distribute it voxelwise
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Fig. 3. Box plots comparing HemoPIC and deconvolution-based (Deconv) maps (lower
is better). Relative mean and std for lesion vs. c-lesion (a), and WM vs. GM (c).
Corresponding unpaired t-value for lesion vs. c-lesion (b), and WM vs. GM (d).

Fig. 4. Regional central volume theorem consistency verification. Dots: patient-level
regional means. Lines/shading: region-wise OLS fits across 44 patients with ± standard
error bands. Slopes: 1.22 (GM), 1.03 (WM), 1.17 (Lesion), and 1.15 (Full Brain).

within Ωr using the relative pattern of the data CBV map after clipping and
mean normalization. MTT is computed by the relation MTT = 60 ·CBV/CBF.

Perfusion Summary Maps and Downstream Lesion Identification.
Fig. 2 compares silver-standard reference perfusion maps from conventional
deconvolution-based approaches [26] with HemoPIC-derived maps using iden-
tical scales. HemoPIC maps closely match the scale and spatial patterns of the
silver-standard references while providing stronger lesion contrast. ROC analy-
sis further showed that HemoPIC matched or exceeded the silver-standard ref-
erence maps across all perfusion parameters, with AUCs of 0.76 vs. 0.75 for
CBF, 0.58 vs. 0.58 for CBV, and 0.72 vs. 0.69 for MTT. These results indicate
that HemoPIC preserves lesion-relevant perfusion contrast while avoiding the
AIF-selection sensitivity of conventional AIF-based deconvolution pipelines [15].

Fig. 3 reports the relative mean, standard deviation, and unpaired t-statistic
between voxel values for each region pair. Following [18,19], we define µs and σs

as the WM-to-GM ratios of regional mean and standard deviation, and µl and σl

as the corresponding lesion-to-contralateral-lesion ratios, where the contralateral
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Table 1. Cohort summary of normalized root mean square error for tracer concentra-
tion reconstruction (N = 44). Q25 and Q75 denote the 25th and the 75th percentiles..

Stats GM WM Lesion c-Lesion Full brain

mean ± std 0.106±0.045 0.095±0.068 0.318±0.291 0.192±0.104 0.093±0.057
median 0.099 0.083 0.266 0.176 0.083
[Q25, Q75] [0.085,0.108] [0.066,0.095] [0.162,0.361] [0.148,0.210] [0.075,0.088]

Fig. 5. (a)-(b) Cohort-mean observed (solid) and reconstructed (dashed) tracer con-
centration time curves. (c)-(d) Windkessel time scales with voxel-weighted median
(thick) and 40th–60th percentile band over the four regions across all 44 patients.

lesion (c-lesion) is obtained by hemispheric mirroring. Lower values indicate
better performance. Specifically, µs < 1 reflects higher mean CBF in GM than
WM, consistent with healthy perfusion physiology [7], while µl < 1 reflects lesion
hypoperfusion relative to the contralateral region [18,19].

Regional Central Volume Theorem Consistency. We further assess the
consistency of the regional central volume theorem between HemoPIC and clini-
cal perfusion summary maps. Fig. 4 compares the deconvolution-derived regional
mean MTT against the regional mean 60 ·CBV/CBF from HemoPIC across all
patients, in GM, WM, Lesion, and Full Brain. The scatter is approximately linear
with slopes near one across regions, indicating quantitative agreement with the
clinical MTT scale and the indicator dilution identity MTT = CBV/CBF [21,29].

3.2 Unique Capabilities of HemoPIC

Full Tracer Passage Reconstruction. Fig. 5 compares the observed regional
mean concentration time curves and the reconstructed curves for GM, WM, le-
sion, the contralateral region of the lesion (c-lesion), and full brain. Notably, prior
tracer dynamics estimation models [18,19,20] only estimate the outflow phase
after the global time-to-peak. In contrast, HemoPIC reconstructs full tracer dy-
namics by estimating hemodynamic states that capture both inflow and outflow.

Windkessel Dynamics. We further report HemoPIC digital twin parameters
that govern the regional Windkessel outflow dynamics through their product
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τ r = θrW θrR, which defines the characteristic relaxation time scale of (1). Assum-
ing fr

in(t) ≈ F r, deviations of fr
out(t) decay as exp(−t/τ r). We therefore report

the normalized decay curve. Fig. 5 pools ROI-level τ r across patients within each
tissue group using voxelwise weights, showing the decay curve induced by the
weighted median (thick line) and the 40th–60th percentile range (shaded band).
GM and WM exhibit similar relaxation (medians 13.95 s and 12.56 s). Lesions
relax faster than contralateral tissue (medians 10.41 s vs. 13.71 s).

4 Conclusion

We propose HemoPIC, a physics-informed digital twin for cerebral perfusion that
couples hemodynamic modeling with tracer transport to infer patient-specific
flow and volume parameters from routine perfusion imaging. Beyond reconstruct-
ing full inflow–outflow tracer dynamics, HemoPIC generates clinically consistent
perfusion maps without requiring AIF selection. To our knowledge, HemoPIC
is the first approach to connect tracer transport modeling with clinically stan-
dard perfusion indices, providing a novel foundation for physics-grounded, fully
automated stroke assessment and simulation-driven clinical decision support.

Disclosure of Interests. The authors declare no competing interests.
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