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Abstract. Ultrasound Strain rate estimation provides a quantitative
measure of cardiac muscle function, which makes it an important tool
for the diagnosis and monitoring of heart disease. The most common ap-
proach for strain rate estimation, speckle tracking through block match-
ing, assumes the matching block undergoes a rigid translation between
frames, which is not true in strained tissue. We present a method for esti-
mating the strain rate by tracking off-grid point scatterers between trans-
missions in the channel data. Our method attempts to reconstruct the
observed signals as a sum of point sources, akin to Gaussian Splatting.
We evaluate our method on 2D simulated phantom data and show we
obtain lower error in the estimated strain rate maps and are better able
to detect an ischemic region in the myocardium. We also show that our
method is able to recover strain rate maps from in-vivo data. All code is
available at https://github.com/vincentvdschaft/strain-off-grid.
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1 Introduction

Myocardial strain estimation using ultrasound provides a quantitative measure
for cardiac muscle function. As such it has become an essential tool for under-
standing and diagnosing various cardiovascular diseases. It is used to diagnose
ischemic heart disease[17], where pathological tissue in the myocardium is char-
acterized by reduced strain. Strain imaging also plays a role in monitoring the
treatment of heart disease[3].

Myocardial strain estimation was first developed in the 1990s using the tech-
nique of pulsed wave tissue Doppler (TD)[2]. In TD the phase shift between
two consecutive transmissions is measured by correlating the beamformed scan-
lines. This method gives accurate velocity estimates along the direction of the
ultrasound beam, but does not provide lateral motion estimation. More recently
various image based methods have become popular and have been proven in the
clinic[6]. The most prominent image based technique is speckle tracking[1, 15]
through block matching. Block matching, like TD, works by correlating a block
of data with a block in a subsequent frame to estimate the motion of the tissue.
Because it operates in the image domain, block matching can estimate motion
in both the axial and lateral directions.[5, 7]
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A core limitation of correlation based tracking methods like block matching
based speckle tracking is that they make the assumption that a block of tissue
undergoes a rigid translation between two frames. This assumption is necessarily
violated in strain rate estimation as the very definition of strain is that the tissue
is stretched and compressed. Block matching methods can still obtain strain
maps because more distant points can move differently, but are limited by a
fundamental trade-off: To get a robust match between frames we want to use a
larger matching window, but this will make the assumption of rigid translation
less valid. This in turn leads to blurred or inaccurate strain maps.

In this work we present a method for estimating the strain rate by estimating
2D tissue motion vectors from the raw channel data. Our approach is fundamen-
tally different from existing methods in that it does not obtain motion vectors by
using correlation, like block matching speckle tracking or TD methods. Instead
we define a physical model for the acquisition process and track simulated point
scatterers between transmissions to reproduce the observed data. In this sense
our approach is similar to the concept of Gaussian Splatting[8], with ultrasonic
backscatter responses instead of Gaussians. The approach is also similar to ex-
isting work on model-based ultrasound imaging, but has not been applied to
strain rate estimation[16]. Our approach allows for the estimation of local strain
rates from closely spaced points.

2 Methods

We fit a set of point scatterers to the measured channel data. Each point scatterer
has a position in every transmission, forming a trajectory through space. The
idea is to fit these tracks such that they reproduce the measured channel data.
We initialize points in a track in the same location. This way we can assume
that the points after fitting actually represent the motion of a single point in the
tissue (given that the tissue motion between transmissions is not too large). The
displacements of the points in these tracks are then used to compute the strain
rate map.Fig. 1 shows a simplified overview of the proposed method.

2.1 Notation

Vectors are denoted by boldfaced characters and tensors are denoted by capital
characters. We will denote an element of a vector x by x[i]. An element of a
tensor X will be denoted by X[i, j, k] where i, j, k are the indices along each
dimension. We will denote the Real Fourier Transform (RFT) of a signal x(t) by
x̃(f). Quantities that that are adapted during the optimization process will be
denoted by the variable with an underline, e.g. x.

2.2 Acquisition model

We begin by describing the ultrasound system. When acquiring a frame, the
ultrasound system has NCH channels, which are connected to the same number
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Fig. 1. Overview of the proposed method versus the traditional block matching
method. The displacements are estimated by fitting trajectories to reproduce the mea-
sured channel data over 3 frames.

of transducer elements. To acquire a frame, the ultrasound system performs NTX

transmissions (e.g. it emits NTX plane waves). For every transmission it records
NAX samples per channel.

In this way, the system captures a tensor of radio frequency (RF) data
Y ∈ RNTX×NAX×NCH . We apply the RFT to the RF data Y to obtain Ỹ ∈
CNTX×NFB×NCH , where NFB is the number of frequency bins. We denote a single
element of Ỹ by ỹn.

This element ỹn has a corresponding transmission index txn, frequency bin
index fbn and channel index chn. The frequency corresponding to frequency bin
fbn is denoted by fn, with corresponding angular frequency ωn. The center
frequency of the transmitted pulse is denoted by fc. The sampling rate of the
system is denoted by fs.

Forward model We pose the problem of tissue tracking as an inverse problem.
We define a differentiable forward model h that computes an estimate of the RF
data Ỹ ∗ from a collection of point scatterers. As such, the forward model h is an
ultrasound channel data simulator. This simulator takes a set of input variables
ξ including the locations of all scatterers. With this input the simulator produces
an output sample ỹ∗n:

ỹ∗n = h(ξ, n). (1)

The problem we seek to solve is then to find the input variables ξ that
reproduce the measured RF data Ỹ ∗.

In order to solve this inverse problem, we consider chunks of N ′
TX frames,

where N ′
TX can be as low as 2 or as high as 5 or 7. In the results presented

here we always use N ′
TX = 3. We model the target scatterers as a collection of

NPTS point sources. These point sources have a location in every transmission
Ps ∈ RNPTS×N ′

TX×2 and an intensity in every frame m ∈ RNPTS×N ′
TX . Thus,

ξ = {Ps,m}.
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From this we compute the channel data sample ỹ∗n as the sum of the responses
of all scatterers

ỹ∗n =

NPTS−1∑
i=0

[ waveform︷ ︸︸ ︷
η̃ (ω [n]) ·

directivity︷ ︸︸ ︷
b (θrx [i, n] , fn) ·

TGC︷︸︸︷
q̃ [n] ·

attenuation︷︸︸︷
µ [n]

·

delay︷ ︸︸ ︷
exp (−jω [n] τtotal) ·

spread︷ ︸︸ ︷
10−4

τtxτrxc
·

magnitude︷ ︸︸ ︷
m [i, txn]

]
. (2)

Here b(θn, fn) is the angle dependent directivity of the transducer elements
[13], which is given by:

b (θ, f) = sinc

(
w
c

f
sin (θ)

)
cos (θ) (3)

For the transmit waveform we use a Gaussian-windowed sinusoid of unit ampli-
tude.

η̃(f) = −jσ
√
2π exp

(
−2 (ω − ωcσ)

2
)
. (4)

The total delay for sample n from scatterer i, τtotal [i, n], is computed as
the sum of four components. The transmit delay τtx [i, n], which is the travel
time from transducer to scatterer. The receive delay τrx [i, n], which is the travel
time from scatterer back to the transducer element that records sample n. The
time-to-peak τpeak of the transmit pulse. And the transmit delay offset τ0 [n],
which accounts for the time offset of the individual elements for focusing. The
transmit and receive time-of-flights τtx and τrx are computed using a simple
geometric model of the transducer and medium assuming a constant speed of
sound c as τtotal = τtx + τrx + τpeak + τ0

Optimization We begin by beamforming the channel data of the middle trans-
mit out of the N ′

TX frames at λ/2 resolution and detecting peaks in the beam-
formed data using a simple pixel-wise peak detection algorithm. We initialize Ps

on the brightest NPTS peaks. We use the zea toolbox for the beamforming [14].
We then initialize Ps on these peak locations. We initialize m ∼ N

(
0, 10−4

)
.

We start by fitting only the middle frame for 6000 iterations, after which we add
one frame on each side every 6000 iterations until all N ′

TX frames are included.
When adding the surrounding frames, the positions of the scatterers are initial-
ized at the same location as the earlier/later point in each track. We use the
Adam optimizer with a learning rate of 10−3[9].

The loss function we minimize is given by:

L(ξ) =

∥∥∥∥∥
N∑

n=0

ỹn − h(ξ, n)

∥∥∥∥∥
2

2

+ λ ∥a∥22 , (5)
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where a is the acceleration of the scatterers over the N ′
TX transmissions. The

regularization on the acceleration encourages straight trajectories for the scat-
terers as opposed to trajectories that jump around. We set λ = 10−3 for all
experiments.

2.3 Data

Simulated Data We construct two digital phantoms to represent the my-
ocardium. The first is a simple short axis phantom, which resembles the paraster-
nal short-axis view. We set the inner diameter after diastole to 40 mm in order
to have a realistic value for both male and female hearts [4]. During the cardiac
cycle the phantom contracts, which we model by shrinking both the inner and
outer diameter of the ring in such a way that the thickness of the ring increases.
We also include a small rotation around the center of the ring, which reaches a
maximum of 10◦, to model the twisting motion of the heart[11].

The second phantom resembles the apical two-chamber (A2CH) view, which
we will refer to as long axis phantom. We use this phantom to simulate a my-
ocardium with an ischemic section to investigate whether it is visible in the
computed strain rate map. This phantom was created by manually drawing a
sequence of connected boxes on top of a sample from the CAMUS in-vivo dataset
[10]. We follow the mask in the CAMUS dataset, which was drawn by a physi-
cian. We sample scatterers uniformly within the myocardium. We define curves
for the variation in length and width of the segments and solve for the locations
of the vertices of the boxes at every time step. The scatterers are moved with
the boxes by defining their position in the coordinates of their respective box
and transforming them to the global coordinates of the phantom. The ischemic
section is defined by setting the amplitude of the lengthening of some of the
boxes to zero.

We simulated the channel data using the simulator in the open source Zea
toolbox[14]. For both phantoms we simulate 10,000 scatterers per frame. Because
we are simulating motion between transmissions, we need to determine a realistic
pulse repetition frequency (PRF). The reference acquisition used images up to
a depth of 150 mm. Given a sound speed of 1540 m/s, this means that the
round trip time for one transmission is around 0.2 ms. Since cardiac imaging is
typically performed with harmonic imaging, we will assume we need to do two
transmissions to apply pulse inversion. This yields a maximum PRF of 2566 Hz.
We therefore set the PRF to 2000 Hz as a conservative estimate.

In-vivo Data We also apply our method to some publically available in-vivo
data that was acquired on a healthy volunteer using a Verasonics Vantage 256
system with Philips S5-1 transducer[18]. The acquisition consists of a harmonic
imaging sequence with 10 diverging wave transmissions with a focal depth of
-10mm. The acquisition captures an apical four-chamber (A4CH) view.
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2.4 Computing Strain Rate Maps

After we have estimated the locations of our scatterers and their corresponding
motion vectors, we need to compute the strain rate map from these vectors.
We do this by computing a local strain rate matrix for scatterer. For scatterer
we find the other scatterers that are within a radius of 5mm. We then fit an
affine transformation from the first frame to the last frame. The matrix of this
transformation is assigned to the centroid position of the scatterers. After this
we have a set of scalar points. To compute a dense strain rate map we apply
Gaussian smoothing to the values with a standard deviation of 5mm. We do this
by initializing a map of zeros and for every point we add the value of the point
multiplied by the gaussian kernel to the map. We then divide this map by a map
that is constructed in the same way, but with all points set to 1. This yields a
dense strain rate map.

2.5 Experiments

We compare our method to a block matching speckle tracking algorithm. In block
matching a window around a point is compared to all windows within a search
range in the next frame. The displacement is then estimated as the displacement
that maximizes the similarity between the windows[19]. We use normalized cross
correlation as the similarity metric. We use a window size of 21x21 and a search
range of 42x42 for all experiments. We beamform the channel data using the Zea
toolbox[14] using Delay-Multiply-and-sum beamforming [12]. Finally we apply
envelope detection and log compress the data to a dynamic range of 60 dB. The
resulting images are mapped to the range [0, 1] and used as input to the block
matching algorithm.

3 Results

Fig. 2 shows the short axis phantom and the recovered strain rate curves for
three reference positions A, B, and C. These reference positions are defined
in the first frame and then translated with the known motion of the phantom
for the following frames. The figure shows that Channel Data Tracking (CDT)
consistently adheres better to the ground truth strain rate curves than block
matching. For the estimation of radial strain, both methods struggle, but we
find that the block matching algorithm severely overestimates the strain rate
compared to CDT.

Fig. 3 shows the long axis phantom and the recovered strain rate maps for
a reference position inside the ischemic region and a reference position outside
the ischemic region. We see that CDT is able to recover the ischemic region in
the myocardium, while block matching produces inaccurate estimations in the
ischemic region.

Table 1 shows the average error in the strain rate maps for the two simulated
phantoms. We see consistently lower error for CDT. These numbers confirm
what we see in Figs. 2 and 3.
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Fig. 2. The short axis phantom and the recovered strain rate curves for three different
positions in the phantom.
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8 V. van de Schaft and R. J. G. van Sloun

Fig. 4 shows the recovered longitudinal strain rate maps for the in-vivo
dataset of a frame during systole (strain in the z-direction), masked based on
beamformed image intensity. The strain is computed along the z-axis. While
there is no ground truth available we do see we recover plausible strain rate
maps. During systole, we expect negative strain rates as the myocardium con-
tracts. In the septum we find plausible strain rate values in the interval [-2, 2].
We should note here that we have used an in-vivo acquisition which does not do
repeated transmissions, but uses diverging waves at 5◦ intervals. This makes the
problem more challenging for both methods. To further investigate the perfor-
mance of our method, it would be necessary to acquire a dataset with repeated
diverging wave transmissions, which would allow for a more robust estimation
of the strain rate maps.
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Fig. 4. Strain rate maps recovered from a diverging wave acquisition of a healthy
volunteer (apical 4-chamber view). The myocardium was manually delineated and the
strain rate maps were computed and are shown in the myocardium.

4 Discussion

We find that CDT is better able to estimate motion vectors from heterogeneous
transmit events than block matching when there are clear features to track. In
regions with dense speckle we observe larger errors in the estimated motion vec-
tors. This is likely because the modelling assumption of few distinct scatterers
is violated in these regions. Another limitation of our method is that the opti-
mization problem is non-convex. This means that large displacements between
transmissions can result in a tracking point latching on to a different peak in
the next frame, resulting in incorrect motion vectors. In this work we have not
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explored the effects of out of plane motion. This is a limitation and should be
explored to validate the method in a more realistic setting. Another limitation of
our method is its runtime. Solving a set of 3 transmits takes approximately 10-11
seconds on an NVIDIA L40S GPU — several orders of magnitude slower than
block matching, which runs in real time. Our implementation is not optimized
for speed, and we expect runtime could be reduced through a more efficient
implementation and hyperparameter tuning to lower the number of iterations
required for convergence. For now, however, the method should be considered
offline.

5 Conclusion

We have presented a novel method for estimating strain rate from channel data.
We have found increased accuracy over block matching in two simulated phan-
toms, both in long axis and short axis views. We have also shown that our
method is able to recover plausible strain rate maps from in-vivo data. This
technique could be a step towards more accurate local strain rate estimation,
which would improve the ability to localize ischemic regions in the myocardium
and could lead to better treatment outcomes.

Table 1. Mean strain rate error per phantom, location and method.

Phantom Location CDT (proposed) Speckle Tracking
Error [1/s]× 100

Ischemic A (ischemic) 1.4± 1.2 5.9± 3.8
B (non-ischemic) 10.6± 4.7 18.2± 11.4

Ring

A circ. 6.5± 5.6 18.6± 12.5
A radial 45.7± 29.8 97.7± 56.5
B circ. 17.9± 12.1 37.5± 21.1
B radial 13.0± 7.6 127.1± 38.0
C circ. 14.0± 10.5 30.7± 20.1
C radial 35.8± 29.7 141.0± 91.5
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