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Abstract

Intravoxel Incoherent Motion (IVIM) modeling decomposes diffusion-weighted MRI (DWI)
signals into diffusion- and perfusion-related components, enabling non-invasive characteri-
zation of microvascular structure in highly vascularized tissues such as the placenta. How-
ever, accurate recovery of IVIM parameters remains an ill-posed inverse problem, par-
ticularly under the low signal-to-noise ratio (SNR) and sparse b-value sampling common
in fetal and placental imaging. We introduce SUPER-IVIM-DC-BOOT, an acquisition-
aware, physics-informed neural network that integrates explicit b-value encoding with
inference-time bootstrap resampling to stabilize bi-exponential parameter estimation. By
aggregating predictions from stratified subsampled inputs and enforcing a data-consistent
forward-model constraint, the method improves robustness to noise and protocol sparsity.
Numerical simulations demonstrate that bootstrap aggregation substantially reduces Nor-
malized Root Mean Squared Error (NRMSE) in low-SNR regimes (SNR 7–10) relative to
non-bootstrapped baselines. In a healthy volunteer study, SUPER-IVIM-DC-BOOT re-
covered IVIM parameters from a sparse 9 b-value protocol with accuracy comparable to
reference estimates obtained from a dense 16 b-value acquisition. Applied to placental
DWI in pregnancies with uncontrolled maternal diabetes (N = 6) versus matched controls
(N = 8), the method detected significant alterations in perfusion fraction (f) and tissue
diffusivity (D) (p < 0.05), whereas conventional Trust-Region Reflective fitting (SLS-TRF)
underestimated perfusion changes and failed to identify restricted diffusivity. These find-
ings demonstrate that combining protocol-aware physics constraints with inference-time
bootstrapping yields robust and clinically meaningful IVIM quantification under realistic,
sparse acquisition conditions. Code will be released upon acceptance.
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Figure 1: Schematic illustration of the IVIM model in the placenta. The diffusion-weighted
signal exhibits a rapid low- b decay driven by pseudo-diffusion (D∗, red), modu-
lated by the perfusion fraction f (green), followed by a slower decay dominated by
tissue diffusion D (blue). Example DW-MRI images of the placenta at increasing
b− values illustrate the corresponding signal attenuation.

1. Introduction

Diffusion-weighted MRI (DWI) provides a non-invasive method to probe tissue microstruc-
ture by sensitizing the MR signal to the random displacement of water molecules. In highly
vascularized organs such as the placenta (Turco and Moffett, 2019), the diffusion-weighted
signal reflects not only thermal Brownian motion but also microcirculatory flow within the
capillary network. The Intravoxel Incoherent Motion (IVIM) framework separates these
contributions into true diffusion and perfusion-related pseudo-diffusion within a single voxel
(Le Bihan et al., 1986, 1988), using a bi-exponential model:

S(b) = S0

(
f · e−b(D∗+D) + (1− f) · e−bD

)
(1)

where b is the diffusion weighting; D is the tissue diffusion coefficient; D∗ represents pseudo-
diffusion associated with microvascular flow; and f is the perfusion fraction (Fig. 1).

Despite its physiological interpretability, IVIM parameter estimation is notoriously chal-
lenging. The bi-exponential decay in Eq. 1 is fundamentally ill-posed and highly sensitive
to measurement noise, especially for perfusion-related parameters (f and D∗), which are
governed by the rapid signal drop at low b-values (Koopman et al., 2021). These challenges
are amplified in placental DWI, where fetal and maternal motion (Zhang et al., 2019)
impose strict limits on scan duration, leading to sparse sampling and low signal-to-noise
ratio (SNR). Conventional optimization-based fits under these conditions frequently yield
unstable, noisy, or physiologically implausible parameter maps (Park et al., 2017).

Several strategies have been proposed to stabilize this inverse problem. The standard
Segmented Least Squares (SLS) formulation, often paired with Trust Region Reflective op-
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timization (Coleman and Li, 1996), restricts the solution space but remains fragile under
sparse and heterogeneous sampling. Deep learning (DL) methods offer improved robust-
ness, typically incorporating the bi-exponential signal model through a data-consistency
term (Bertleff et al., 2017; Barbieri et al., 2020; Kaandorp et al., 2021). SUPER-IVIM-
DC (Korngut et al., 2022) further augments this with supervised training on simulated
parameters, combining physical constraints with explicit ground-truth guidance.

However, existing IVIM networks—SUPER-IVIM-DC included—do not explicitly con-
dition on the acquisition b-values. This omission limits their ability to generalize across the
diverse diffusion protocols used in clinical and research settings, particularly in placental
imaging, where inherently sparse and variable b−value sampling is common. Because IVIM
estimation depends critically on the relative distribution of low- and high-b measurements,
ignoring protocol information can lead to systematic bias and unstable parameter recovery.

To address this limitation, we introduce SUPER-IVIM-DC-BOOT, a physics-informed
neural network (Raissi et al., 2019) with two key technical innovations. First, the model
explicitly conditions on the acquired b-values, enabling acquisition-aware parameter esti-
mation that adapts to heterogeneous clinical protocols. Second, we introduce a stratified
subsampling strategy during training that supports inference-time bootstrap resampling,
substantially enhancing stability under the extreme noise and sparsity characteristic of
placental DWI. This bootstrap mechanism is tailored to the IVIM setting by aggregating
parameter predictions arising from different low-/high-b subsets, improving perfusion and
diffusion estimate reliability.

We demonstrate the clinical added value of our approach in assessing pregnancies with
uncontrolled maternal diabetes, a condition linked to placental malperfusion and villous
structural abnormalities (Scifres et al., 2017; Jirkovská et al., 2012). Such impairments
contribute to adverse fetal outcomes, including elevated risk for Large for Gestational Age
(LGA), delivery complications, and, in severe cases, stillbirth (Dodd et al., 2007; Kong
et al., 2019). Our aim is to enable non-invasive, in utero characterization of placental
microstructural alterations in pregnancies with uncontrolled maternal diabetes using sparse
and clinically practical diffusion protocols.

Contributions

• Methodological Innovation: SUPER-IVIM-DC-BOOT, an acquisition-aware,
physics-informed neural network that explicitly incorporates b-values and leverages
stratified subsampling and inference-time bootstrapping to stabilize IVIM parameter
estimation under sparse, low-SNR conditions.

• Comprehensive Validation: Through numerical simulations, healthy volunteer
data, and placenta-specific acquisition configurations, we demonstrate improved sta-
bility and lower estimation error relative to conventional fitting and prior deep learning
baselines.

• Clinical Impact: In a cohort of LGA pregnancies with uncontrolled maternal dia-
betes, our method detects significant (p < 0.05) alterations in placental perfusion and
diffusion in comparison to control subjects that standard SLS-TRF fitting does not
capture, highlighting its potential for a sensitive assessment of placental dysfunction.
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2. Methods

We propose SUPER-IVIM-DC-BOOT, a physics-informed deep learning framework for
robust IVIM parameter estimation (θ = {f,D∗, D}). The method introduces two compo-
nents: (1) explicit b-value encoding for protocol generalization and (2) intrinsic bootstrap
resampling for variance reduction.

2.1. Protocol-Aware Network Architecture

To enable generalization across acquisition protocols, the model uses an acquisition-aware
input. Given a vector of observed signals S and their corresponding b-values b, the input
vector is constructed as:

x = concat(S,b), (2)

allowing the MLP to learn how IVIM signal decay depends on diffusion weighting:

θ̂ = FΦ(x), (3)

where F represents the mapping function parameterized by the learnable weights and biases
Φ. The final layer applies a scaled Sigmoid activation, constraining predicted parame-
ters to physiologically valid ranges and preventing non-physical values such as negative
diffusivities.

2.2. Training Strategy: Stratified Subsampling and Hybrid Loss

To enable bootstrap inference, we use stratified random subsampling of the simulated
decay curves (originally comprising N measurement points). Non-zero b-values are par-
titioned into low and high-diffusion regimes, Ilow and Ihigh. For each training sample, a
sampling index set (with cardinality M < N)

K = {0} ∪ Klow ∪ Khigh (4)

is generated. This set always includes the b = 0 measurement and randomly selects points
from each regime (Klow ⊂ Ilow and Khigh ⊂ Ihigh). The mask K is applied to both the signal
intensities and their corresponding b-values. These subsets are concatenated to form input
vectors of size 2M . The resulting inputs are fed through a shuffled data loader, exposing
the network to diverse b-value combinations.

The network is trained by minimizing a hybrid loss function (Fig. 2), adapted from the
SUPER-IVIM-DC framework (Korngut et al., 2022):

Ltotal = Lsupervised + αdc Ldc. (5)

Supervised loss:

Lsupervised = αf∥f̂ − fref∥2 + αD∗∥D̂∗ −D∗
ref∥2 + αD∥D̂ −Dref∥2, (6)

with weights α{f,D∗,D} chosen to balance gradients across parameters.
Data Consistency loss:

Ldc = ∥R− SK∥2, (7)

where R ∈ RM is the forward-model reconstruction from θ̂ and SK ∈ RM is the vector of
subsampled signal intensities. This term enforces biophysical plausibility even when labels
are noisy, with the hyperparameter αdc controlling its relative contribution to the total loss.
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Figure 2: Training Scheme of SUPER-IVIM-DC-BOOT. The network receives paired
inputs of subsampled signals {Si} and b-values {bi}. The model is optimized via
a dual objective: a supervised loss against ground truth parameters (red) and
a Data Consistency term (blue) that enforces the physical reconstruction of the
input signal.

2.3. Inference: Bootstrap Resampling

At inference time, we apply a bootstrap resampling pipeline (Fig. 3) inspired by classical
statistical resampling (Efron, 1979). Given a full clinical protocol of size N , the signal is
subsampled P times to a size of M :

1. Subsampling: Generate P random index sets of size M from the acquired signal.

2. Prediction: Construct input vectors by concatenating the subsampled signals with
their corresponding b-values, and process them via the trained network.

3. Aggregation: Average the P predicted parameter sets to obtain the final estimate.

3. Experimental Setup

3.1. Numerical Simulations

We generated 600,000 synthetic IVIM signals using the forward model (Eq. 1). Parame-
ters were uniformly sampled from physiological ranges (f ∈ [0.05, 0.55], D ∈ [0.5, 3.0] ×
10−3 mm2/s, D∗ ∈ [10, 100] × 10−3 mm2/s). Rician noise was added across six SNR
levels (7, 10, 15, 20, 30, 50). The simulation utilized a protocol of N = 9 b-values
(0, 10, 20, 40, 80, 200, 400, 600, 1000 s/mm2). The dataset was partitioned into 90% for train-
ing and 10% for validation.
Optimization: Grid search identified an optimal subsampling mask of M = 7 points:
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Figure 3: Inference Pipeline: Bootstrap Resampling. To reduce estimation uncer-
tainty, the initial signal (length N) is randomly subsampled P times. These
subsets are processed by the shared weights of the SUPER-IVIM-DC-BOOT
network, and the resulting parameter estimates are averaged to yield the final
prediction.

the b = 0 signal, three low b-values (< 200), and three high b-values (≥ 200). Training
used PyTorch with Adam optimizer (lr = 10−4), batch size 128, and early stopping with a
patience of 10 epochs.

A separate test set of 3,000 signals at low SNR (7, 10, 15) was generated to compare
SUPER-IVIM-DC-BOOT with SUPER-IVIM-DC. For inference, SUPER-IVIM-DC-BOOT
used P = 16 bootstrap samples. Accuracy was reported using Normalized RMSE (NRMSE).

3.2. Healthy Volunteer Validation

To assess performance on sparse clinical data, we acquired dense DWI from a healthy
volunteer using 16 b-values (0–1000 s/mm2).
ROI Analysis: Four ROIs were defined (Liver, Right Kidney, Left Kidney, Spleen) with
estimated SNRs of 22.8, 53.9, 49.8, and 43.4, respectively.
Evaluation Protocol: Reference parameters were obtained from the full dataset using
Segmented Least Squares (SLS). The data were then subsampled to the 9-point clinical
protocol, and parameters were estimated using SUPER-IVIM-DC-BOOT, SUPER-IVIM-
DC, and SLS-TRF. NRMSE was computed relative to the dense SLS reference.

3.3. Clinical Study: Pregnancies with Uncontrolled Maternal Diabetes

We evaluated clinical utility in 14 pregnant subjects scanned at Hillel-Yaffe Medical Center:
6 pregnancies with uncontrolled maternal diabetes and LGA fetuses and 8 matched controls.
Placental DWI was acquired using the same 9 b-value protocol. The placenta was manually
segmented with ITK-SNAP, and mean diffusion signals were extracted per subject.
Data Quality: The data exhibited low SNR (2.6–8.3; mean 4.4 ± 1.9), a regime where
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Figure 4: Numerical Simulation Results. The NRMSE of the IVIM model param-
eter estimates obtained with SUPER-IVIM-DC-BOOT (blue) and the baseline
SUPER-IVIM-DC (orange) as a function of SNR. Our proposed method demon-
strates superior stability in the clinically relevant low-SNR regime (SNR 7-10).

conventional IVIM fitting is unstable.
Statistical Analysis: Parameters (D, f,D∗) were estimated using SLS-TRF, SUPER-
IVIM-DC, and SUPER-IVIM-DC-BOOT. Group differences between LGA and control preg-
nancies were assessed using Welch’s t-tests.
Qualitative Analysis: Parametric maps (f,D,D∗) were generated for representative sub-
jects to compare noise suppression and spatial coherence across methods.

4. Results

4.1. Numerical Simulations

The simulation study evaluated the robustness of the proposed method against noise. Figure
4 summarizes the NRMSE for parameter estimation across varying noise levels.

SUPER-IVIM-DC-BOOT consistently showed the lowest error for all IVIM parameters
in the low-SNR regime (SNR 7–10), confirming that bootstrap aggregation improves robust-
ness to noise. At higher SNRs, the performance gap narrows, with the non-bootstrapped
baseline performing marginally better, likely due to the reduced variance in the input signal.

4.2. Healthy Volunteer Study

Table 1 compares the estimation error (NRMSE) of the sparse fitting methods against the
high-quality reference parameters (derived via SLS on dense, 16 b-value data) using the
healthy volunteer data.

SUPER-IVIM-DC-BOOT demonstrated competitive or superior performance in re-
covering parameters from the subsampled data. Notably, it achieved the lowest error for all
parameters in the Right Kidney, as well as for f and D∗ in the Left Kidney and D in the
Liver. This suggests that even in high-SNR regimes, the physics-informed bootstrapping
strategy offers advantages in complex multi-compartment tissues compared to standard
sparse fitting.
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Table 1: Healthy Volunteer Study (Reference: High-Quality SLS). NRMSE com-
parison for parameter recovery from sparse data (9 b-values). The reference pa-
rameters were derived using the Segmented Least Squares (SLS) method on the
full 16 b-value dataset.

Param. Method Liver R. Kidney L. Kidney Spleen

D SLS-TRF (Sparse) 0.117 0.152 0.149 0.069
SUPER-IVIM-DC 0.102 0.127 0.182 0.032
SUPER-IVIM-DC-BOOT 0.065 0.105 0.168 0.181

f SLS-TRF (Sparse) 0.273 0.513 0.378 0.259
SUPER-IVIM-DC 0.214 0.300 0.350 0.380
SUPER-IVIM-DC-BOOT 0.345 0.194 0.271 0.483

D* SLS-TRF (Sparse) 0.396 6.266 4.258 1.132
SUPER-IVIM-DC 0.386 3.772 3.440 1.209
SUPER-IVIM-DC-BOOT 0.410 3.288 3.325 1.331

We attribute the varied performance in these ROIs to their relatively high SNR (22–54),
a regime where SUPER-IVIM-DC-BOOT did not uniformly yield the lowest NRMSE. This
is consistent with our simulation results, which indicate that the stabilizing benefits of
bootstrapping are most pronounced under noisier conditions.

4.3. Clinical Study: Diabetic Pregnancies

The most significant findings emerged from the clinical cohort (N = 14), where data quality
was severely compromised (Mean SNR ≈ 4.4). Figure 5 illustrates the distribution of
placental parameters between the Diabetic (Study) and Healthy (Control) groups.

Table 2 details the statistical significance of these differences. SUPER-IVIM-DC-
BOOT demonstrated superior sensitivity in this low-SNR regime. It identified a reduction
in perfusion fraction (f) with higher statistical significance (p = 0.016) compared to stan-
dard SLS-TRF (p = 0.027) and SUPER-IVIM-DC (p = 0.019). Crucially, it also successfully
detected a significant alteration in tissue diffusivity (D) (p = 0.022), whereas standard fit-
ting failed to do so (p = 0.190). Furthermore, the proposed method showed a strong trend
toward significance for pseudo-diffusion (D∗) (p = 0.065), whereas other methods showed
no such trend.

Qualitatively (Fig. 6), SLS-TRF produced noisy maps with visible fitting artifacts,
whereas SUPER-IVIM-DC-BOOT generated smoother and more coherent parameter maps
that better preserved placental structure. Similar improvements were observed for D and
D∗ (Supplementary Figs. A1–A2).

Together, these results indicate that the proposed bootstrapped physics-informed model
enhances parameter stability and improves sensitivity to subtle placental microstructural
differences in low-SNR clinical data.
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Figure 5: Clinical Group Differences. Comparison of placental IVIM parameters be-
tween Healthy Controls and LGA Pregnancies estimated by the three methods.
* indicates statistical significance (p < 0.05).

Table 2: Statistical Evaluation (Welch’s t-test). P-values for pairwise comparisons
between Diabetic (Study) and Healthy (Control) groups. * indicates statistical
significance (p < 0.05).

Method f (Perfusion) D (Diffusion) D∗ (Pseudo-diff.)

SLS-TRF 0.02746* 0.19017 0.24697
SUPER-IVIM-DC 0.01899* 0.0215* 0.38686
SUPER-IVIM-DC-BOOT 0.01622* 0.02192* 0.06492

5. Discussion and Conclusion

SUPER-IVIM-DC-BOOT combines explicit b-value encoding with bootstrap resampling to
address two central challenges in clinical diffusion MRI: low SNR and heterogeneous acquisi-
tion protocols. In simulations, it substantially reduced estimation errors in low-SNR regimes
(SNR 7–10), and in a high-SNR healthy volunteer (SNR 22.8–53.9) it improved characteriza-
tion of multi-compartment organs, demonstrating that acquisition-aware physics constraints
benefit both noisy and clean conditions.

A major strength of the framework is its treatment of the acquisition as a distribution
rather than a fixed set of measurements. Whereas conventional fits are highly sensitive
to individual motion-corrupted points, randomized subsampling and aggregation effectively
suppress transient noise and encourage the model to learn the underlying bi-exponential
signal behavior. This explains the observed robustness under sparse, clinically constrained
protocols.
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Figure 6: Representative perfusion fraction (f) maps of the placenta. Compari-
son of a healthy control (top row) and a pregnancy with uncontrolled maternal
diabetes (bottom row) using SLS-TRF, SUPER-IVIM-DC, and SUPER-IVIM-
DC-BOOT (left to right). The proposed method improves spatial coherence and
anatomical definition, significantly reducing the fitting artifacts and noise ob-
served in the standard SLS-TRF estimation.

Clinically, SUPER-IVIM-DC-BOOT detected significant reductions in perfusion fraction
(f) and tissue diffusivity (D) in pregnancies with uncontrolled maternal diabetes, differences
that SLS-TRF failed to capture. These findings highlight its potential for non-invasive, in
utero assessment of placental health and fetal risk. The resulting parameter maps were
smoother and more anatomically coherent than those obtained with conventional fitting,
reflecting the stabilizing effect of combining physics constraints with bootstrapping.

In addition to improved accuracy, the method offers practical benefits: while traditional
segmented least-squares fitting is iterative and initialization-sensitive, neural network infer-
ence remains fast and parallelizable, even when multiple bootstrap passes are used.

Limitations and Future Work: The clinical cohort was small (N = 14), warranting
larger multi-center studies. Motion correction is not yet integrated and will be addressed via
the IVIM-Morph framework (Kertes et al., 2025). Our current analysis used whole-placenta
averages; future work will examine regional heterogeneity and compartment-specific func-
tion.

In summary, SUPER-IVIM-DC-BOOT provides a robust, acquisition-aware solution for
IVIM quantification under sparse and noisy diffusion protocols. By stabilizing parameter
estimation and detecting subtle placental abnormalities in pregnancies with uncontrolled
maternal diabetes, it represents a meaningful step toward non-invasive, in utero screening
and earlier identification of at-risk fetuses.
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Appendix A. Supplementary Figures

Figure A1: Visual comparison of Tissue Diffusion (D) maps. Representative maps
for a Large for Gestational Age (LGA) pregnancy with uncontrolled maternal
diabetes compared to a healthy control. Parameters were estimated using SLS-
TRF, SUPER-IVIM-DC, and the proposed SUPER-IVIM-DC-BOOT method.
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Figure A2: Visual comparison of Tissue Pseudo-Diffusion (D∗) maps. Represen-
tative maps for a Large for Gestational Age (LGA) pregnancy with uncon-
trolled maternal diabetes compared to a healthy control. Parameters were es-
timated using SLS-TRF, SUPER-IVIM-DC, and the proposed SUPER-IVIM-
DC-BOOT method.
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