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Abstract: Estimating the elasticity of soft tissue can provide
useful information for various diagnostic applications. Ultra-
sound shear wave elastography offers a non-invasive approach.
However, its generalizability and standardization across differ-
ent systems and processing pipelines remain limited. Consid-
ering the influence of image processing on ultrasound based
diagnostics, recent literature has discussed the impact of dif-
ferent image processing steps on reliable and reproducible
elasticity analysis. In this work, we investigate the need of
ultrasound pre-processing steps for deep learning-based ul-
trasound shear wave elastography. We evaluate the perfor-
mance of a 3D convolutional neural network in predicting
shear wave velocities from spatio-temporal ultrasound images,
studying different degrees of pre-processing on the input im-
ages, ranging from fully beamformed and filtered ultrasound
images to raw radiofrequency data. We compare the predic-
tions from our deep learning approach to a conventional time-
of-flight method across four gelatin phantoms with different
elasticity levels. Our results demonstrate statistically signifi-
cant differences in the predicted shear wave velocity among all
elasticity groups, regardless of the degree of pre-processing.
Although pre-processing slightly improves performance met-
rics, our results show that the deep learning approach can re-
liably differentiate between elasticity groups using raw, un-
processed radiofrequency data. These results show that deep
learning-based approaches could reduce the need and the bias
of traditional ultrasound pre-processing steps in ultrasound
shear wave elastography, enabling faster and more reliable
clinical elasticity assessments.
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1 Introduction

The mechanical properties of tissues can provide diagnostic
information and help in the diagnosis and treatment of dis-
eases. For example, tumors often have increased stiffness com-
pared to surrounding healthy tissue [2]. Therefore, differences
in tissue elasticity can indicate pathological changes. Ultra-
sound shear wave elastography (US-SWE) provides a method
for non-invasive, real-time assessment of tissue stiffness. This
technique is already used in clinical practice, for instance in
the staging of liver fibrosis [4]. In US-SWE, shear waves are
induced within the tissue and their propagation is tracked.
The shear wave propagation velocity is directly related to the
Young’s modulus and provides a quantitative estimation of tis-
sue stiffness [13].
However, the accuracy of US-SWE is influenced by the sys-
tem configurations and processing algorithms applied to the
acquired raw US data [5]. Therefore, the generalizability and
standardization of US-SWE remains an important goal for fur-
ther clinical application. Typical US-SWE processing steps
can be divided into B-mode image reconstruction, shear wave-
specific filtering, such as the Loupas filter [9], and velocity
estimation. Various algorithms have been proposed for these
steps, each of which introduces methodological assumptions
and potential sources of inaccuracy. B-mode image recon-
struction, for instance, generally assumes a constant speed of
sound. However, biological tissue is heterogeneous, and there-
fore the assumption of uniform speed of sound can lead to
significant spatial distortions [1, 5]. Furthermore, research has
demonstrated that the accuracy of US-SWE also depends on
the processing algorithms and their selected parameters. The
parameter settings used in shear wave tracking algorithms,
such as configurations of the directional filters and kernel di-
mensions, have a significant impact on measurement results
[3-5]. Deng et al. have shown that the US-SWE measure-
ment errors can be significantly reduced by carefully optimiz-
ing these parameters for a particular system configuration [4].
However, such tuning is usually system-specific, which limits
the ability to generalize to different platforms.

In order to improve the reliability and reproducibility of
US-based measurements, recent literature has proposed mini-
mizing processing steps. For example, Sanabria et al. showed
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that combining raw beamformed data with deep learning ap-
proaches can improve tissue quantification [12]. To summa-
rize, current literature indicates that raw or minimally pro-
cessed US data tends to retain more diagnostic information
compared to highly processed B-mode images. Therefore, re-
ducing the number of processing steps can increase robustness,
minimize bias, and reduce information loss caused by process-
ing algorithms.

In this study, we investigate whether deep learning ap-
proaches can estimate shear wave velocities from minimally
pre-processed US data. Starting with highly processed US data
from a conventional US-SWE processing pipeline, we system-
atically remove processing steps. Finally, we evaluate the fea-
sibility of predicting shear wave velocity directly from raw ra-
diofrequency (RF) signals. To the best of our knowledge, we
are the first to systematically analyze the effect of ultrasound
data pre-processing on deep learning-based shear wave ve-
locity estimation, particularly considering predictions directly
from raw RF data without any beamforming.

2 Methods

2.1 Data Acquisition and Processing

The data acquisition is described in detail in [5, 7]. Shear
waves were induced in four gelatin phantoms (15 %, 12.5 %,
10%, and 7.5% gelatin) using a piezo-actuated needle
mounted on a URS (Universal Robots, DK) robotic arm. A lin-
ear ultrasound probe (Ultrasonix L.14-5/38) mounted on a UR3
robot (Universal Robots, DK) tracked the resulting shear wave
propagation over time using plane wave imaging. A 256 chan-
nel US system (Griffin, Cephasonics, USA) and SUPRA [8]
were used to acquire the raw RF US data with an image acqui-
sition rate of 6000 Hz. For each acquisition, 70 frames were
acquired. To increase variability in shear wave velocities, 240
measurements for each phantom were repeated on three con-
secutive days, with a slight increase in velocity observed over
time due to gelatin hardening [6]. The resulting data set con-
sists of 12 different stiffness values, corresponding to shear
wave velocities ranging from 3.77 m/s to 8.42m/s.

The raw RF data were processed according to the pre-
processing pipeline used in Grube et al. [S], which is shown
schematically in Figure 1. Delay-and-sum (DAS) beamform-
ing was first applied to transform the raw RF data into B-mode
images. Then, the Loupas autocorrelation algorithm [9] was
applied to visualize the shear wave in the image. For better
shear wave visibility, noise was reduced, using a combination
of median filtering and morphological operations. In the next
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Fig. 1: US-SWE pre-processing pipeline: the US images after
the different processing steps are shown. Raw RF-data a), recon-
structed B-mode images, Loupas-filtered B-Mode US images c)
and additional filtering d) for noise reduction. Loupas filtering di-
rectly on raw RF data is also considered b). Data types used for
training our network are marked in green.
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Fig. 2: Schematic drawing of the ST-3DCNN used to estimate the
shear wave velocity cst.3pcnn based on a 3D input sequence ;.

step, a time-of-flight (ToF) method was used to determine the
shear wave velocity croF.

2.2 Neural Network Architecture

The proposed spatio-temporal convolutional neural net-
work (ST-3DCNN) is based on our previous work [5] and
is shown schematically in Figure 2. The network estimates
shear wave velocity from a time-sequence of 2D US images
by solving a regression task. Each input image sequence ¢ is
a spatio-temporal tensor of size h X w X t, where h and w de-
note the height and width of the US images, and ¢ is the num-
ber of frames over time. The regression task learns a function
[ RPXwXt R which maps the input image sequence to
a scalar prediction of the shear wave velocity cst.3penn. Our
ST-3DCNN consists of three initial convolutional layers with
five feature maps, followed by three DenseNet blocks with a
growth rate of five. Between the blocks, transition layers with
convolution and average pooling are used for downsampling.



2.3 Experiments

We investigate the performance of our network on the four
differently processed data sets, marked in green in Figure 1.
Specifically, we focus on the effects of omitting the noise re-
duction filter, the Loupas filter, and the DAS beamforming.
We train our architecture with a mean squared error (MSE)
loss function between the estimated shear wave velocity
cst3penN and the training label that was measured with ToF.
We use the Adam optimizer with a learning rate of 0.001 and
a batch size of 10, and train our networks for 150 epochs us-
ing four-fold cross-validation. For training and validation, we
use 70 % and 30 % of the data, respectively, using the first two
days of data acquisition. For testing, we use the data acquired
on the third day, independent of our training and validation
set. To augment the dataset, each image sequence was split
into five non-overlapping subsequences, each consisting of 12
frames over time. This resulted in 6720, 2880, and 4800 sam-
ples used for training, validation and testing, respectively.
Only the raw RF data was used for training in its original res-
olution. The further processed data was downsampled by a
factor of 8 to reduce the training time. Please note that we
performed a comparison between models trained on original
versus downsampled Loupas data showing no significant per-
formance differences, confirming downsampling as a valid ap-
proach. Please note that during network training, we assign the
same label to all input data within each elasticity group, us-
ing the mean ToF-derived velocity for each elasticity group as
the training label. During evaluation of the test dataset, how-
ever, we compare each predicted shear wave velocity from the
ST-3DCNN to the corresponding ToF velocity of the specific
input image sequence. This accounts for variability in speed,
which is also present in ToF measurements.

3 Results and Discussion

Table 1 reports the mean shear wave velocity and standard de-
viation obtained using the ToF method for each gelatin phan-
tom. Results from the ST-3DCNN approach are summarized
in Table 2 and visualized as boxplots alongside the ToF results
in Figure 3. We test for significant differences in the median
of the mean absolute error (MAE) of our methods using the
Wilcoxon signed-rank test with a significance level of o =5 %.
Outliers were defined as data points differing by more than
1.5 interquartile ranges from the median. Statistically signif-
icant differences were observed between the predicted values
for the four elasticity groups across all investigated data types.
This demonstrates that all investigated data types can be used
to distinguish the phantoms by their stiffness levels.

Tab. 1: Mean shear wave velocity and standard deviation (std) in
[m/s] using the ToF method, along with the number of outliers per
elasticity group (7.5 % — 15 % gelatin concentration).

Elasticity group  ctor + std Outliers [%]
7.5% 3.90+0.57m/s 18.58

10% 5.00+0.38m/s 1.69

12.5% 6.44+0.34m/s 0

15% 729+0.39m/s 0.45

Tab. 2: Mean absolute error (MAE) and standard deviation (std)
of the predicted shear wave velocities cstapcnn relative to the
corresponding ToF velocity. Results for the four processing meth-
ods investigated are shown, averaged over all elasticity groups:
(a) no beamforming, using raw RF data; (b) no beamforming with
Loupas filtering applied directly to raw RF data; (c) beamforming
with Loupas filtering; and (d) beamforming with Loupas filter and
additional noise reduction. The R? coefficient between the ToF-
based and ST-3DCNN-based velocity estimates is also reported,
along with the number of outliers.

Datatype MAE + std R?  Outliers [%]
(a) 0.52+0.38m/s 0.79 1.40
(b) 0.43+0.37m/s 0.82 2.19
(c) 0.40 £0.36m/s 0.85 1.90
(d) 0.26£0.20m/s 0.92 0.88

The MAE and standard deviation between the shear
wave velocities predicted by the ST-3DCNN and those es-
timated using the conventional ToF method decreased with
each additional pre-processing step. The MAE decreased from
0.52 £+ 0.38 m/s with raw RF data without beamforming to
0.26 + 0.29m/s with fully beamformed and filtered input
data. Concurrently, the coefficient of determination (R?) be-
tween the ToF-derived velocities and the ST-3DCNN predic-
tions increased from 0.79 to 0.92 with more advanced process-
ing. This performance improvement can be explained by bet-
ter noise suppression and data homogenization through pre-
processing, as well as the growing similarity between the in-
put image sequence and the training label, which was based
on the ToF method. It should be noted, however, that the net-
work cannot outperform the biased ToF based reference it was
trained on. Hence, in future experiments training labels inde-
pendent of the ToF method should be used to achieve better
performance on less processed data.

Furthermore, the ST-3DCNN resulted in fewer outliers
than the ToF approach, especially in the lowest elasticity
group. This indicates that the network is more robust to noise
and can generalize better in challenging signal conditions
compared to the ToF method. In future studies, it would be
of interest to investigate the transferability to real tissue.
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Fig. 3: Boxplots of the estimated shear wave velocities under
different processing methods. (a) No beamforming, using raw RF
data; (b) no beamforming with Loupas filtering applied directly

to raw RF data; (c) beamforming with Loupas filtering; and (d)
beamforming with Loupas filter and additional noise reduction.
Note, that for reference the boxplots for the cror are also shown.

4 Conclusion

US-SWE shows promising potential to support many clinical
applications. In this work, we investigated the need of pre-
processing in deep learning-based US-SWE. Our study was
motivated by the benefits of using raw US data, in particu-
lar the preservation of information that might otherwise be
lost through conventional pre-processing. We progressively re-
duced the number of processing steps applied to the input im-
age sequence, from conventionally processed signals to raw
RF data, and estimated shear wave velocities using a spatio-
temporal convolutional neural network. Our results demon-
strate that tissue stiffness can be successfully distinguished us-
ing deep learning methods even without any pre-processing,
highlighting the feasibility of operating directly on raw US
data without the need of beamforming. In future work, real tis-
sue data and network architectures specifically optimized for
raw RF data could be investigated in more detail.
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