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Abstract. Myocardial strain analysis of cardiac magnetic resonance
(CMR) images provides an important tool for evaluating cardiac func-
tion. However, current techniques require either human-adjusted post-
processing with suboptimal regional accuracy, or specialized acquisitions
with limited availability. In this paper, we propose to leverage the power
of generative models to synthesize high-quality motion-derived strain
values from routinely acquired CMR sequences. Specifically, we develop
a novel Brownian bridge diffusion model in motion space to learn the
probabilistic mapping between standard CMR motion estimated from
widely adopted registration methods and highly accurate motion pro-
vided by advanced strain imaging techniques. To promote the fidelity
of anatomical structure in the generation process, our model is condi-
tioned on the corresponding CMR images. We validate our method on
large-scale multi-center CMR datasets including subjects of paired stan-
dard cine CMR and advanced strain imaging acquisitions. Experimen-
tal results demonstrate that our framework significantly improves the
accuracy of motion prediction and strain analysis from standard CMRs
compared to existing learning-based approaches. Our research represents
a new paradigm for potentially developing cost-effective, clinically de-
ployable AI tools for cardiac function assessment with enhanced strain
accuracy in busy clinical workflows. Our code is publicly available at
https://github.com/Rishov-MIA/Brownian-Bridge-strain-analysis.

Keywords: Myocardial Strain Imaging · Brownian Bridge Diffusion ·
Spatiotemporal Motion.

1 Introduction

Quantification of myocardial strain from cine CMR image sequences plays an
important role in assessing cardiac ventricular function and diagnosing heart
diseases [1, 24]. Current approaches often rely on post-processing image regis-
tration [29, 26] to track myocardial motion that provides a direct measure for
strain values throughout the cardiac cycle. However, these methods are lim-
ited by heavy dependence on image texture and susceptibility to noise with
compromised regional registration accuracy [26]. Advanced imaging techniques,
such as displacement encoding with stimulated echoes (DENSE), have gained
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increasing attention and are emerging as a gold standard for myocardial strain
analysis due to their ability to directly encode highly accurate tissue displace-
ment/motion [36, 12]. Despite these advantages, there has not been widespread
adoption of DENSE in routine clinical workflows due to limited availability of
the methods and the need for additional acquisitions.

To bridge this gap, earlier studies have made substantial progress in devel-
oping deep learning–based image registration to improve the accuracy of my-
ocardial motion and strain estimation from standard cine CMR images. These
approaches incorporate spatial and temporal regularization to enforce motion
continuity and stabilize the subsequent strain quantification [5, 20, 18]. In paral-
lel, architectural improvements, including multi-scale feature learning [22] and
transformer-based self-attention [28], have been introduced to better capture mo-
tion patterns across spatial or temporal resolutions. More recent efforts further
integrate biomechanical priors and physics-based constraints to improve anatom-
ical plausibility and physiological consistency of predicted motion fields [11, 21].
Additionally, supervised paradigms have also emerged by leveraging advanced
imaging modalities (i.e., DENSE) to provide high-fidelity motion supervision
during training [31, 34]. While these methods have achieved state-of-the-art per-
formance in motion and strain estimation, they remain limited in modeling the
inherently multimodal nature of cardiac motion, particularly under pathological
variability. This limitation comes from either deterministic modeling assump-
tions [13, 31] or diffusion-based frameworks that primarily operate through iter-
ative latent feature refinement rather than explicitly modeling the multimodal
motion distribution [34]. Furthermore, many supervised approaches require spa-
tiotemporal pre-alignment between paired acquisitions [13, 31], which can intro-
duce artifacts and reduce model robustness.

Inspired by recent advances in Brownian bridge diffusion models [16], we in-
troduce a new generative diffusion framework in motion space to learn a stochas-
tic mapping between paired motion representations. Specifically, our model is
trained to map motion predicted from registration networks into high-quality ad-
vanced imaging modality; thereby serving as a refinement module of myocardial
motion estimated from CMRs. In addition, we incorporate CMR image features
as conditional guidance during the reverse diffusion process to ensure the gen-
erated motion trajectories remain consistent with underlying cardiac anatomy
and temporal dynamics. Our main contributions are summarized as

(i) Propose the first Brownian bridge diffusion framework operating directly in
spatiotemporal displacement space to learn probabilistic mappings between
readily obtainable registration-derived motion and difficult-to-acquire high-
fidelity motion distributions from advanced imaging.

(ii) Introduce structure-conditioned diffusion denoising that integrates CMR im-
age features during the reverse diffusion process to enforce biomechanically
and anatomically plausible spatiotemporal motion evolution.

(iii) Demonstrate consistent and significant improvements over state-of-the-art
methods in both motion reconstruction fidelity and subsequent myocardial
strain quantification across a large multi-center dataset.
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2 Background: Registration-based Motion Estimation

In this section, we will review a general mathematical framework for motion
estimation based on deformable image registration [33, 8, 19]. The goal is to esti-
mate displacement fields that describe myocardial motion over time by aligning
a temporal image sequence to a reference frame.

Let Ω ⊂ Rd denote a d-dimensional image domain. Given a reference image
I0 : Ω → R and a sequence of moving images {It}Tt=1, t ∈ {1, . . . , T}, the objec-
tive is to estimate a sequence of spatial transformations, {ϕt}Tt=1 : Ω → Ω, that
map spatial locations from the reference frame to the target frame at time t.
The corresponding displacement field is defined as ut = ϕt − e, where e denotes
an identity transformation. A classical deformable registration [26, 7, 3] formu-
lates motion estimation as an energy minimization problem over a sequence of
transformations {ϕt}, parameterized by velocity fields vt [3, 2, 7], as

minL(ϕt) =

T∑
t=1

Dist
(
I0 ◦ ϕ−1

t , It
)
+ λReg(vt), (1)

where ◦ denotes an interpolation operator, Dist(·, ·) measures image dissimi-
larity, and Reg(·) is a regularization term that enforces the spatiotemporal
smoothness of the transformation fields. The parameter λ > 0 controls the
trade-off between image matching fidelity and deformation regularity. Various
choices of spatial regularizations, such as stationary velocity field (SVF) [3] and
large deformation diffeomorphic metric mapping (LDDMM) [2, 7], enforce dif-
feomorphic constraints (a.k.a. one-to-one smooth and inverse smooth mapping)
to ensure anatomically plausible transformations. In particular, under the SVF
parameterization, the transformation is obtained from the velocity field through
the exponential map, i.e., ϕt = exp(vt), and its inverse is directly given by
ϕ−1
t = exp(−vt). In this paper, we adopt commonly used sum-of-squared inten-

sity differences (SSD) as the similarity metric [33, 23], and SVF for the regularity.
Once displacement fields are estimated, myocardial strain can be computed

from the local deformation gradient tensor [34, 6], i.e., Ft = ∇ϕt = e + ∇ut,
where ∇ut is the Jacobian of the displacement field. For finite deformation anal-
ysis, myocardial strain is commonly quantified using the Green-Lagrange strain
tensor [25, 17], i.e.,

St =
1

2

(
FT
t Ft − e

)
. (2)

3 Our Method

In this section, we develop a conditional Brownian bridge diffusion model in a
vectorized spatiotemporal displacement space to explicitly learn the probabilis-
tic mapping between two distinct motion domains. Once trained, the proposed
model takes motion fields estimated from standard cine CMR sequences and
translates them through the learned diffusion bridge to generate high-fidelity
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Fig. 1: An overview of our Brownian bridge diffusion model in motion space.

motion estimates without specialized acquisition. Our framework includes two
key components: (i) a temporal registration network that predicts spatiotem-
poral motion fields from input CMR videos, and (ii) a conditional Brownian
bridge video diffusion model that synthesizes high-quality motion trajectories
given previously learned registration-derived motion. An overall architecture of
our proposed method is shown in Fig. 1.

Motion learning from spatiotemporal registration network. Given a
training dataset of N cardiac image sequences, {Ii}Ni=1, i ∈ {1, · · · , N}, where
each sequence Ii contains T + 1 temporal frames, i.e., Ii = {Ii

t}Tt=0. Our objec-
tive is to predict a sequence of velocity fields, {vit}, from which the deformation
fields {ϕi

t} associated with the reference image and following images {Ii
0, Ii

t}Tt=1

are obtained via the SVF regularization [3]. Analogous to [33], we employ a
spatiotemporal registration network parameterized by θ, and formulate the cor-
responding loss function as

L(θ) =
N∑
i=1

[
T∑

t=1

∥∥Ii
0 ◦ ϕi

t(θ)− Ii
t

∥∥2
2
+

T∑
t=1

λ
∥∥∇vit(θ)

∥∥2 + T∑
t=2

β
∥∥∆vit(θ)

∥∥2 ], (3)

where ∆vit(θ) ≜ vit(θ) − vit−1(θ), representing a temporal regularization, and β
is a controlling weighting parameter. Given the predicted transformation fields
{ϕi

t}, the displacement fields can be computed as ui
t = ϕi

t − e. Note that, in this
paper, we adopt a U-Net backbone with a latent residual network to explicitly
model temporal correlations in the registration framework [33]. Our proposed
methodology is architecture-agnostic, and alternative backbone designs [10, 4]
can be readily incorporated without modification to the overall formulation.

Conditional Brownian Bridge Diffusion in Motion Space. Let (x,u) ∈
Rd×T×H×W denote paired high quality motion acquired by advanced imaging
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and registration-derived motion fields in the same spatial coordinate system
using the same reference image. Here, H and W denote the height and width
of each image. We model motion refinement as a stochastic Brownian bridge
defined over the motion space, with boundary conditions x0 = x and xS = u,
where S represents the ending point.

Following a similar principle of [16], the forward diffusion process evolves in-
termediate motion states by progressively transporting x toward u via a variance-
preserving linear interpolation. Note that since the paired motions are defined
with respect to the same reference image, we assume the interpolation is per-
formed without introducing coordinate misalignment or reparameterization er-
rors. Let ms ∈ [0, 1] denote a monotonically increasing schedule for s ∈ {0, . . . , S}.
The forward process in the motion space can be formulated as

qBB(xs | x,u) = N ((1−ms)x+msu, δsI) ; ms = s/S. (4)

where δs = 2τ(ms −m2
s) with τ being the variance scaling factor [16]. Sampling

from this process gives xs = (1−ms)x+msu+
√
δs ϵ, where ϵ ∼ N (0, I).

The reverse process is initialized by enforcing the ending boundary condition
xS = u. Starting from this fixed endpoint, the model progressively refines the
registration-motion trajectory toward the high-quality motion domain. To im-
prove data fidelity and enforce anatomical consistency, we condition the reverse
dynamics on image features, denoted as c, derived from the input data (e.g., my-
ocardial contours or latent CMR image representations). Formally, our reverse
transition can be parameterized as a conditional Gaussian

pθ(xs−1 | xs,u, c) = N (µθ(xs, s, c), δ̃sI), (5)

where µθ is predicted by a neural network (e.g., with a commonly used 3D UNet
backbone) and variance δ̃s follows a fixed variance schedule [16].

Similar to [16], instead of predicting the noise directly, we parameterize
the denoising objective using a bridge gradient formulation defined as bs =
ms(u−x)+

√
δsϵ. At each timestep, the denoising network predicts the Brown-

ian bridge update along the motion trajectory, i.e., b̂s = fθ(xs, s, c), from which
the displacement field is recovered as x̂0 = xs − b̂s. To explicitly enforce physi-
cally plausible and smooth motions, we incorporate a spatial regularization into
the loss function to constrain non-smooth or anatomically implausible updates.
The network parameters θ are then learned by minimizing loss function as

min
θ

L(θ) = Ex0,u,ϵ,c,s

[ ∥∥∥bs − b̂s

∥∥∥+ λreg

∑T

t=1
∥∇x̂ t

0∥22
]
, (6)

where λreg is a regularization parameter. In this paper, we also incorporate
segmented CMR myocardium contours as conditioning information into each
motion state xs through a multi-head cross-attention mechanism [28].

During inference, we initialize the reverse process directly with the regis-
tration motion xS = u and iteratively sample xs′ = (1 − ms′)x̂0 + ms′u +√
(δs′ − δ̃s)/δs (xs − (1 − ms)x̂0 − msu) +

√
δ̃s ϵ, where s′ < s is the next re-

tained timestep in a subsampled non-Markovian schedule and δ̃s = δs′/δs(δs −
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δs′(1−ms)
2/(1−ms′)

2) . At the final timestep s = 0, the model directly returns
the reconstructed motion x̂0 without noise injection.

4 Experimental Evaluation

We compare our model against state-of-the-art methods for myocardial strain
estimation, covering both deterministic (TransUNet [9], and StrainNet [31]) and
generative approaches (Flow-matching [27], vid2vid [30], ControlNet [35], and
LaMoD [34]). For a fair comparison, all baselines were retrained from scratch, and
every model was trained with Adam [15] on a single NVIDIA A100 80GB GPU.
The hyperparameters of our model were selected via grid search, resulting in a
batch size of 16, learning rate and weight decay of 1×10−4, spatial regularization
weight λreg = 0.01, and τ = 1 for all experiments.
Dataset. We include two CMR modalities: routinely acquired left-ventricular
(LV) short-axis cine CMR sequences and advanced DENSE-CMR acquisitions,
along with manually annotated LV masks [34, 31]. The DENSE-CMR provides
both magnitude images and high-quality displacement/motion measurements
that serve as a reference standard for circumferential strain evaluation. The
DENSE dataset was collected from eight clinical centers [31] and consists of
1,200 sequences from 284 subjects (124 healthy volunteers and 160 patients with
heart disease). Sequences are divided subject-wise into training, validation, and
testing sets at an 80:10:10 ratio to prevent data leakage across splits. Each of
the 116 test sequences is paired with a cine acquisition from the same subject at
approximately the same slice location (within ±4mm) which lets the DENSE-
derived displacements serve as ground-truth motion for the cine sequences. All
CMR videos are cropped to a 482 × 20 LV region of interest, with average in-
plane spatial resolution being 2.41 mm/pixel for DENSE and 1.68 mm/pixel for
cine. Our model is trained exclusively on DENSE-CMR and evaluated on both
DENSE and the paired cine CMR sequences.
Evaluation. We first evaluate the accuracy of predicted displacement vs. DENSE
ground truth using a normalized pixel-wise end-point error (nEPE) [31, 34], de-
fined as the EPE normalized by the ground-truth displacement magnitude. Our
model takes DENSE magnitude images as input, and its predicted displacement
fields are compared with ground-truth fields computed from the corresponding
DENSE phase images. We report nEPE on DENSE-CMR, where magnitude
images and displacement fields share the same spatial coordinate system.

We then compute myocardial circumferential strain from the motions pre-
dicted from cine CMR images using Eq. (2), and compare our method against
all baselines using mean absolute error (MAE) under four evaluation settings:
whole-slice and segmental strain, each across all frames and at end-systole (ES),
defined as the frame of minimum strain value. Strain MAE is reported in per-
centage points (%), representing absolute error rather than relative percent dif-
ference. Note that myocardial strain values typically range up to approximately
25% rather than 100% [31, 18]. Following the standard clinical convention [1],
the myocardium is partitioned into six segments for basal and mid-ventricular
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slices and four segments for apical slices, beginning at the right ventricular in-
sertion point and proceeding counterclockwise. Whole-slice strain is obtained by
averaging the segmental strain values prior to error computation. All predicted
strain measurements are compared against reference strain values derived from
the paired high-quality DENSE. Due to space limit, we report significance on
segmental ES MAE using two-sided Wilcoxon signed-rank tests [32] against each
baseline, with Holm correction [14] for multiple comparisons (p < 0.05).
Experiment Results. Tab. 1 reports both DENSE displacement errors and
cine-derived strain errors on paired Cine-DENSE test data. The results demon-
strate that our method achieves top-tier motion tracking fidelity on par with the
strongest baseline (LaMoD [34]) in displacement nEPE. Similarly, our method
consistently offers the best performance for cine-derived strain estimation across
all evaluation settings, with particularly notable improvements in ES strain anal-
ysis. Since myocardial strain spans a narrow range of roughly 25%, a strain MAE
of 1% already corresponds to about 4-5% of the clinically relevant range. In
Tab. 1, the most substantial gains are observed in ES strain estimation, which
underscore our method’s ability to accurately capture peak myocardial deforma-
tion. The Holm-corrected Wilcoxon signed-rank tests confirm that the improve-
ment in segmental ES strain is significant against every baseline (p < 0.05).
Furthermore, the lower standard deviations of errors suggest the enhanced ro-
bustness and stability of our approach over all baselines. Fig. 2 reports the per-
formance of our method across stratified cohort (healthy vs. diseases). It shows
that errors (both on displacements and strain values) are generally higher on
diseased subjects where more heterogeneous motion exhibits.

Table 1: Comparison of displacement/strain error on paired Cine–DENSE data.

Method
DENSE Displacement

nEPE ↓
Cine Strain
MAE (%) ↓ Segmental

ES
p-valueAll-frame ES Whole-

slice Segmental Whole-
slice ES

Segmental
ES

TransUNet 0.60 ± 0.14 0.52 ± 0.16 5.37 ± 2.24 5.88 ± 1.98 7.84 ± 3.93 8.46 ± 3.42 <0.001
StrainNet 0.56 ± 0.14 0.49 ± 0.13 3.87 ± 1.76 4.57 ± 1.40 5.55 ± 3.05 6.37 ± 2.39 <0.001

vid2vid 0.65 ± 0.20 0.54 ± 0.21 7.76 ± 3.12 8.21 ± 2.82 11.52 ± 4.33 11.82 ± 3.83 <0.001
Flow-matching 0.53 ± 0.21 0.44 ± 0.18 3.96 ± 2.43 5.22 ± 2.18 5.26 ± 4.65 6.79 ± 4.03 0.013
ControlNet 0.54 ± 0.19 0.46 ± 0.19 4.42 ± 2.29 4.87 ± 2.06 5.87 ± 3.77 6.53 ± 3.35 <0.001
LaMoD 0.53 ± 0.19 0.44 ± 0.16 3.69 ± 1.71 4.22 ± 1.45 5.03 ± 3.16 5.80 ± 2.68 0.013
Ours 0.52 ±0.16 0.43 ±0.15 3.18 ±1.75 4.14 ±1.49 4.06 ±2.83 5.17 ±2.35 —

Ablation Study. Tab. 2 reports the ablation study on evaluating the individual
contribution of Brownian bridge, as well as CMR feature conditioning in our pro-
posed framework. Results show that incorporating the Brownian bridge module
substantially improves performance, yielding significant reductions in both dis-
placement and strain errors compared with the registration-only model. Further
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integrating anatomical contour guidance leads to additional performance gains
and consistently achieves the best results across all evaluation metrics.
Qualitative Analysis. Fig. 3 visualizes four representative cases spanning vary-
ing pathologies. For an acute myocardial infarction (MI) patient and a healthy
subject (top), we compare the DENSE ground truth (GT), our method, and
the four best-performing baseline models reported from Tab. 1. The results are
demonstrated using segmental strain curves and ES displacement fields overlaid
with error maps. Our method achieves the highest agreement with the DENSE-
strain across all segments throughout the cardiac cycle. Similarly, the ES dis-
placement shows the highest similarity to DENSE (colored in yellow). In con-
trast, all baseline methods present noticeably larger deviations (colored in red).
Due to space limitations, the additional LBBB and ischemic cases (bottom) show
only our method against the DENSE GT, where the baselines follow the same
trends reported above. Our model preserves the inter-segmental dyssynchrony
characteristic of LBBB and the reduced deformation of the affected inferior seg-
ment in the ischemic case.
Discussion. While our method demonstrates improved agreement with DENSE-
derived myocardial strain measurements, several limitations also point to promis-
ing directions for future work. First, our validation focuses on agreement with
DENSE-derived displacement and strain, and does not yet establish whether
the synthesized motion captures clinically discriminative patterns. Evaluating
the generated motion on downstream tasks, such as disease classification, will

Table 2: Ablation study to assess each proposed module in our proposed method.
Components DENSE Displacement Cine Strain MAE (%) ↓

Registra-
tion

Brownian
Bridge

Contour
Guidance nEPE ↓ Whole-

slice Segmental Whole-
slice ES

Segmental
ES

✓ ✗ ✗ 0.73 ± 0.18 5.35 ± 2.10 6.01 ± 1.87 6.05 ± 3.36 6.89 ± 2.86
✓ ✓ ✗ 0.62 ± 0.18 3.78 ± 2.03 4.78 ± 2.01 5.01 ± 3.58 5.94 ± 3.15
✓ ✓ ✓ 0.52 ± 0.16 3.18 ± 1.75 4.14 ± 1.49 4.06 ± 2.83 5.17 ± 2.35
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be an important next step. Second, our model errors relatively higher in the
diseased cohort indicate underrepresented heterogeneous motion in the training
data. Improving training balance and representation of these challenging cases
may further improve performance. Third, our method may inherit errors from
registration networks when used as initial conditions for the Brownian bridge
learning. This represents another promising direction for future work.

5 Conclusion

In this paper, we introduce the first Brownian bridge framework in the cardiac
motion space to synthesize advanced yet clinically less accessible DENSE-quality
motion from spatiotemporal registration-predicted displacement trajectories. In
order to enhance the fidelity and anatomical consistency of the synthesized mo-
tion, we incorporate complementary CMR image features as an effective con-
ditioning during the reverse process. Experimental results on a large multi-site
cohort demonstrate that our approach consistently outperforms state-of-the-art
myocardial strain analysis methods without requiring specialized acquisitions at
inference. By bridging the gap between routine cine imaging and advanced my-
ocardial motion acquisition, our framework provides a promising approach for
improving myocardial motion and strain estimation from standard cine CMR,
with the potential of future translation into clinical workflows.
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