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Optical force estimation
for interactions between tool
and soft tissues

Maximilian Neidhardt!2, Robin Mieling%?*, Marcel Bengs* & Alexander Schlaefer

Robotic assistance in minimally invasive surgery offers numerous advantages for both patient and
surgeon. However, the lack of force feedback in robotic surgery is a major limitation, and accurately
estimating tool-tissue interaction forces remains a challenge. Image-based force estimation offers a
promising solution without the need to integrate sensors into surgical tools. In this indirect approach,
interaction forces are derived from the observed deformation, with learning-based methods
improving accuracy and real-time capability. However, the relationship between deformation and
force is determined by the stiffness of the tissue. Consequently, both deformation and local tissue
properties must be observed for an approach applicable to heterogeneous tissue. In this work, we use
optical coherence tomography, which can combine the detection of tissue deformation with shear
wave elastography in a single modality. We present a multi-input deep learning network for processing
of local elasticity estimates and volumetric image data. Our results demonstrate that accounting for
elastic properties is critical for accurate image-based force estimation across different tissue types and
properties. Joint processing of local elasticity information yields the best performance throughout

our phantom study. Furthermore, we test our approach on soft tissue samples that were not present
during training and show that generalization to other tissue properties is possible.

Robotic-assisted surgery (RAS) systems such as DaVinci or Senhance are becoming more available in surgical
practice! and even less complex medical procedures are performed by RAS, e.g., cholecystectomy and hernia
repair’. RAS offers a better outcome for the patient by reducing trauma through a minimally invasive approach
and results in shorter recovery time’. For the surgeon ergonomics are improved during an intervention®*. How-
ever, these benefits come at the expense of the natural haptic perception that surgeons rely on when palpating
tissue in open surgery. In RAS, force feedback is associated with shorter operating times, fewer errors during
surgery and a reduced mental workload®. Force feedback is particularly important for complex procedures and
can increase the learning curve for trainees when it is available®”. Force estimates can also be used to implement
safety features that limit forces and prevent soft tissue damage®. The lack of real-time force feedback remains
a challenge and limits clinical systems in practice’'2. Feedback on tool-tissue interaction forces will also be
essential for greater autonomy and intraoperative tissue assessment in robotic surgery®.

Intuitively, the integration of force sensors into surgical tools, e.g., Bragg sensors, strain gauges and piezo-
electric sensors, has been considered and is commonly referred to as the direct approach'® . Direct approaches
offer high accuracy but also have major drawbacks—most notably cost and sensor sterilizability. These limita-
tions have kept direct approaches from widespread clinical application, although research has been ongoing for
over 20 years'®. Alternatively, indirect approaches aim to separate force sensing from the surgical tool, e.g., by
considering force models and actuator inputs'” %, Recently, indirect methods for image-based force estimation
have attracted more attention'®, especially machine learning-based approaches. Image-based force estimation
aims to derive the tool-tissue interaction forces based on the observed deformation of the soft tissue. However,
the relationship between load and deformation is tissue dependent and exclusively observing tissue deforma-
tion is generally not sufficient (see Fig. 1a). Previous approaches assumed a predefined material model for each
organ but soft tissue properties are highly dependent on the patient and mechanical properties change locally
due to pathological conditions'* 2, limiting these approaches in practice. Therefore, the question arises of how
to adequately account for tissue elasticity in image-based force estimation.

Initial approaches for image-based force estimation used an explicitly defined biomechanical model. Miller
et al. proposed a hyper-viscoelastic constitutive model to estimate soft tissue properties for brain tissue*'. The
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Figure 1. Image-based Force Estimation: (a) Abstract illustration of the fundamental problem underlying
force estimation without integrated sensors. The springs indicate elastic properties and the camera observes
tissue deformations. (I) During tool-tissue interaction, the applied force F; will deform the tissue and the
opposing reaction force F, will be equal in magnitude. However, the same deformation can be related to greater
forces for stiffer tissue (II) or the same force may result in larger deformations for softer tissue (III). Therefore,
observing only the deformation will generally not allow estimating the interaction forces if the tissue elasticity
is unknown. (b) Previous approaches have not considered changes in elastic properties and relied on predefined
biomechanical models (1.) or pretrained neural networks (2.) to derive interaction forces from the observed
deformation. We instead propose an image-based force estimation model that additionally considers local tissue
properties via elastography (3.) and that does not require the material to be known in advance.

model was tuned by performing in-vivo indentation experiments. Subsequently, forces on similar brain tissue
could be estimated by tracking the position of a tool relative to the tissue. This approach was further adapted
by using optical cameras to track the surface of the tissue and then mapping depth values to force estimations.
Typically, deformable template matching methods were used to match the measured surface profile to an assumed
biomechanical model*> ** Instead of a biomechanical model, the relationship between load and deformation is
implicitly learned for deep learning approaches and the trained model is highly dependent on the provided train-
ing data. Deep learning approaches with RGB-D images as input have been demonstrated for individual materials
with recurrent neural networks?* 2> and convolutional neural networks (CNN)?. However, the generalization of
deep learning models to other material properties has not been investigated extensively. Without the ability to
generalize to new samples, training data for all relevant tissue types and pathological stages need to be acquired.
Moreover, even with accurate models for different tissues, local changes in material properties demand a more
versatile solution that doesn’t depend on the manual selection of models?’.

We therefore propose to employ optical coherence tomography (OCT) and shear wave optical coherence
elastography (OCE) to directly consider tissue properties for image-based force estimation (see Fig. 1b). OCT
offers volumetric imaging with high spatial and temporal resolution, enabling elastography and visualization of
tissue deformations in a single modality. OCT has been considered for accurate image-based force estimation
with single volumes®® and 4D temporal sequences as input®’. Promising results with OCT based force estimation
were also demonstrated on xenograft mouse models with vascularized prostate tumors®. Additionally, OCE is
ideal for local elasticity estimates due to the small field of view (FOV) and its high spatial and temporal resolution.
Multiple methods for quantitative OCE with different loading mechanisms have been proposed. Miniaturized
compression based OCE can provide estimates at a high spatial resolution but requires complex and sensitive
sensors at the tool tip*"**. Instead, we implement shear wave elastography imaging (SWEI), where a shear wave
is excited on the tissue surface, e.g., by a piezoelectric element® or an air-pulse*, and the high frequency imag-
ing can be used to track the propagating wave. The elasticity of the tissue is directly related to the velocity of the
shear wave which can be estimated by detecting the dominant local wavenumber in the frequency domain®>—".
We combine OCT and OCE, jointly perform data processing with a multi-input deep learning network and
estimate tool-tissue interaction forces. We additionally derive surface deformation data from our OCT volumes
to demonstrate the advantage of our approach in a case where only surface deformation data is available. Note
that our system does not rely on knowing the biomechanical properties of the soft tissue in advance, as suggested
in the literature?! %,

The main contributions of this work are: (1) Demonstrating the impact of tissue elasticity on image-based
force estimation by evaluating deep learning models on elasticities that are not considered during training. (2)
Showing that neural networks are able to generalize to unknown materials and demonstrating the advantage
of our system that incorporates local elasticity estimates. (3) Combining the findings into a single setup that
provides force estimation even when the application is shifted from phantoms to ex-vivo soft tissue samples.

Methods
In the following, we present our experimental setup with a robot for data acquisition on phantoms with varying
elasticity as well as ex-vivo soft tissue and define our deep learning approach.
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Figure 2. Data Representation: Visualization of the two data representations considered during our learning
tasks. (a) The volumetric OCT scan V; contains the surface data (red arrow) and the depth information (blue
arrow). (b) We detect the sample surface data in the OCT volume. (c) We project the surface data onto our 2D
deformation map D;. During training, the influence of depth information is analyzed by comparing volumetric
data (left) and surface projection data (right).

Problem definition and data representations. We consider image-based force estimation for tool-
tissue interactions with regard to tissue elast1c1ty We estimate the axial force F; € R at a time step t based on
spatio-temporal OCT volume data V; € R"™"*, V/, visualizes the deformations caused by tool-tissue interaction
in comparison to a reference volume V.. For the observed location L on a given sample S, the relatlon between
the applied force and the resulting deformation depends on the sample elast1c1ty Es; € Rwxd prior to the
force application, we acquire a sequence of OCT cross-section images I, € R"™" at time step t with simultancous
shear wave excitation. We approximate the elasticity at location L via the shear wave phase velocity vs; € R. We
further consider an alternative input representation by a projection P : RF**@ _, R%d which maps the sample’s
surface in V; to a deformation map D;. A visualization of the data representations are given in Fig. 2. Our multi-
input learning problems are Vi, Vier, vs . — Fr and Dy, Dyef, vs, — Fr, respectively. We initially regard tissue
mimicking gelatin phantoms with seven different elasticities G;. Afterwards, we evaluate our methods on chicken
heart soft tissue unseen during training.

Experimental setup. For data acquisition we present an experimental setup depicted in Fig. 3a. We employ
a high-speed swept-source OCT system (OMES, Optores, Germany) with an axial scan rate of 1.5 MHz, a central
wavelength of 1315 nm and an axial resolution of 15 jum in air. A scan head deflects the OCT beam to acquire
2D + T SWEI data (h x w X t) with a spatial resolution of 476x32 pixels (3.5x3 mm) along the depth h and
lateral axis w and a temporal resolution of 14.2 kHz. The same scan head is also used for high-speed volumetric
data acquisition (h x w x d) with a spatial resolution of 476x32x32 pixels (3.5x3x3 mm) and a temporal reso-
lution of 833 Hz. An optical lens system with a focal length of 300 mm is positioned between scan head and
tissue. A hexapod robot (H-820.D1, Physik Instrumente, Germany) positions the sample for data acquisition at
multiple locations. The robot allows us to move the tissue relative to the FOV of the OCT volumes. Please note,
that the FOV relative to the palpation position is fixed. Before data acquisition we drive the robot along the lat-
eral axes w and d of the volume to the desired location L. Next, we drive along the axis & of the volume until the
surface of the tissue is positioned inside the OCT volume at a depth of approximately 0.5 mm. Surface detection
is performed by maximum intensity detection along the depth axis. In our experimental setup design the direc-
tion of the robot’s axes correspond to the volume axes. We acquire ground truth for our force data using a high
resolution force sensor (Nano 43, ATI, USA) with a temporal resolution of 500 Hz.

Experimental data acquisition. We prepare seven different gelatin gels G; with a weight ratio of gelatin
to water of 5 %, 7.5 %, 10 %, 12.5 %, 15 %, 17.5 % and 20.0 %. For in-house gelatin preparation we carefully
follow a recipe. Titanium dioxide is added to the heated mixture to increase OCT contrast. The phantoms as
seen in Fig. 3a have a diameter of 100 mm and a cylindrical height of 10 mm. We manufacture six phantoms for
each gelatin gel G; and acquire data at 9 locations on each phantom. In addition, we record data from 10 ex-vivo
chicken hearts at 2 locations. At each location we first estimate the local tissue elasticity (SWEI Data) and subse-
quently palpate the tissue for the acquisition of force estimation data.

SWEI data. Shear waves are excited at the surface of the tissue during high-frequency 2D OCT imaging. A
piezoelectric element is driven continuously by a sinusoidal signal with a frequency of 1000 Hz for 0.8 s and a
peak-to-peak voltage of 210 V. The tip of the piezo is fitted with an epoxy dome to facilitate shear wave excitation
inside the tissue, as seen in Fig. 3b, top.

Force estimation data. We acquire OCT volumes for image-based force estimation with the piezo element as
the palpating tool tip (see Fig. 3b, bottom). First, the tool tip is positioned on the surface of the phantom by care-
fully driving towards the sample until a force threshold of 0.01 N is exceeded. Second, training data is acquired
while driving a sinusoidal profile. The stepper motor is actuated over three cycles with an insertion distance of
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Figure 3. Experimental setup and data acquisition: (a) The experimental setup includes a high frequency scan
head (A), a lense system (B), a stepper motor (C) which drives the palpation tool fitted with a piezoelectric
element (D) along its central axis, a high resolution force sensor (E) for ground truth data annotation and

a hexapod robot (F) for positioning the sample. Depicted is the setup with a gelatin phantom. (b) For data
acquisition, we excite shear waves through vibration of the piezoelectric element (as indicated in red and blue)
and OCE data is recorded. During tool-tissue interaction, we acquire volumetric image data as seen on the
chicken heart.

2.5 mm and velocities ranging between 0.5mm s~'-3mm s~'. Additionally, we record OCT data while driving
to 20 positions randomly chosen within an insertion distance of 0.5 mm-2.5 mm and a palpation velocity of
2mm s~'-7mm s~ .. The motion represents a pushing task that is commonly performed in minimally invasive
surgery”®. The random palpation data set is used for evaluating the robustness of our methods and is excluded
from training.

Pre-processing. We crop OCT volumes along the depth axis & to a length of 200 px and downsample the
volumetric data V; € R**4 to a size of 32 x 32 x 32 pixels for efficient data processing. We assign a force value
to each volume by matching timestamps and interpolating the force sensor data. For the 2D deformation map
representation Dy, we employ a maximum intensity projection along axis h for ¥(w, d) € R*. To ensure surface
detection only maximum intensity values above 50% of the mean intensity of the whole volume are utilized,
holes in the deformation map are closed by 2D interpolation.

Shear wave phase velocity estimation. We crop each 2D image to a length of 32 px beneath the surface
along axis h resulting in an images size I, € R"™" of32 x 32 pixels. We ensure shear wave propagation along the
lateral image axis w. To estimate the shear wave velocity we unwrap the phase of the complex OCT data at each
spatial position along the temporal axis. Next, we take the mean along the depth axis resulting in a 2D space-time
representation as shown in Fig. 4, top right. Shear wave phase velocity estimation is performed in the frequency
domain similar to®> . First, we define 30 randomly sampled subsets with a length of 800 time steps. For each
subset we evaluate the phase velocity and report the mean of all estimates. We transform the 2D space-time
phase data into the k-space by using the 2D discrete FFT. We apply a high-pass filter and an angular sector filter
to remove amplitude signals around 0 Hz. To further reduce background noise we apply a threshold filter which
removes signals with < 10% of the overall maximum amplitude in the k-space. We determine the index i, j of
the maximum amplitude in k-space and estimate the shear wave phase velocity vs; = f;/k; with the temporal
frequency fand the wavenumber k.

Deep learning architectures. We follow the approach of densely connected convolutional networks
(DenseNet)*. 3D and 2D operations are used for volumetric inputs and surface inputs, respectively. We consider
a Siamese architecture where the model is provided with a reference input in addition to each input at time step
t as depicted in Fig. 4. The reference is acquired prior to sample-instrument interactions for each location and
sample with F = 0 N. Both input and reference volume are processed within the initial Siamese stage consisting
of three convolutional layers. Model parameters are shared for both inputs and the obtained feature maps are
concatenated. DenseNet blocks with transition layers follow after concatenation. For 3D kernels, we employ
three DenseNet-blocks of 3 layers each and a growth rate of 6. For 2D inputs, we adjust model width and depth
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Figure 4. Data Processing: Siamese DenseNet architecture with fusion of SWEI phase velocity. The input and

a reference sample are initially processed separately and the obtained feature maps are aggregated. SWEI fusion
can optionally be conducted by appending the phase velocity vs, after the GAP. Convolutional layers employ 3D
convolutions for V; (depicted above) and 2D convolutions for D;. Input sizesh x w x tare32 x 32 x 32and

1 x 32 x 32for V; and Dy, respectively.

to achieve a similar size regarding model parameters. We therefore add an additional DenseNet-Block with a
growth rate of 8. Global average pooling layer (GAP) is followed by two successive fully connected layers with
one scalar output. We employ the rectified linear activation function*. Batch normalization is implemented to
provide regularization and to speed up training*'. The additional SWEI information can optionally be fused into
the architecture by appending the phase velocity vs 1, to the feature vector after GAP. In the following, our multi-
input models combining OCT data with the phase velocity will be denoted 2D+SWEI and 3D+SWEI for surface
and volumetric inputs, respectively. Models without the fusion of SWEI information will simply be denoted 2D
and 3D with respect to the selected data representation. GPU (RTX 3090, NVIDIA Corporation, USA) infer-
ence times are 3.34 & 30 ms and 3.30 = 37 ms for architectures with surface and volumetric inputs, respectively.

Training. Our phantom data set consists of 3.7x 10° labeled volumes recorded during sinusoidal palpation
and 4.5x 10° samples acquired during random palpation, equally distributed across all elasticities. For soft tis-
sue, we collect 4.1x 10% and 4.3x 10* samples for sinusoidal and random palpation, respectively. In general, we
train our models with sinusoidal force trajectories and evaluate with random movement exclusively. We train
all models using the mean squared error (MSE) as our loss function for 150 epochs with a batch size of 128.
Following the one cycle learning rate policy®, learning rates between 1x 10™* and 1x 1072 are used. We use the
Adam algorithm with default parameters*. Model weights of all convolutional layers are initialized using He
initialization**.

Experiments. We perform three experiments: (1) We train our network for force estimation exclusively on
a single gelatin gel G; and illustrate the impact of elasticity by applying the model to other gelatin gels G; with
i,j € 1,2,..7. (2) We investigate if the models can generalize to elastic properties not included in the training
data (G; VG € A\{G;}) when training data includes multiple tissue elasticities and evaluate the impact on perfor-
mance when including local elasticity estimates. (3) Finally, we evaluate our models performance on unknown
soft tissue palpation data when trained on gelatin phantom data with multiple elasticities. Our data splits are
chosen accordingly. First, we consider the impact of elasticity by training separate models for each gelatin gel.
Therefore, we split our data into 6 subsets separated by the different phantoms for each gel. We then consider
generalization to new material properties by dividing our data into 7 subsets based on the different gelatin gels.
In both cases, we follow a cross-validation scheme where one subset is split into a validation and a test set and
the remaining subsets are used for training. Finally, we evaluate our previously trained models on the adapta-
tion from phantom to tissue data. To increase the robustness of the final models, we consider a cross-validation
ensemble using the mean as our voting method. Model performance is reported based on the test sets with mean
and standard deviation. We evaluate the root mean square error (rMSE) and Pearson correlation coefficient
(pCC). As the range of applied forces increases with elasticity, we additionally report the normalized mean
absolute error (nMAE), defined as the mean absolute error (MAE) divided by the observed range of forces Fg,
for each gelatin gel .

Force estimation for individual materials. For visualizing the impact of elasticity, models are initially
trained separately for each material Fig. 5a. The shown models do not consider elastic properties via SWEI fusion
and are only trained on data from a single gelatin gel. By way of example, results are only displayed for models
trained with volumetric inputs. The rMSE ranges from 0.19 to 235 mN for the application on samples from the
same material (diagonal of Fig. 5a). Considering the surface deformation, the maximum range of movement and
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Figure 5. Force estimation: (a) Heatmap of the rMSE [mN] of all force estimates for individually trained
models with 3D inputs V;. The x-axis denotes the gelatin gel on which the model is trained and the y-axis the
gelatin gel used for evaluation. Better performance is given if the applied gelatin gel is similar to the training
data. (b) Examples that display the impact of elasticity on force estimates when elasticity is not considered. A
model trained on “stift” samples (G}7.5%4) applied on a “soft” material (G7.54) overestimates the applied forces
due to the large deformations (top). Vice versa, forces are underestimated when transferring a model to stiffer
materials (bottom). Line color is based on the rMSE and the colormap in (a).

G [%] 5 7.5 10 12.5 15 17.5 20
Deformation Range [px] 5.3140.64 534+1.00 |494+£072 |508+£1.02 |567£170 |4.66+1.38 |6.01+=1.74
Relative Deformation [px N7/] 25.80 +=4.51 |12.06+2.28 |831+£1.66 |633+143 |578+1.75 |3.56+1.40 |3.84£1.24

Table 1. Experimental Data: Range of minimal and maximum mean surface deformation in px during
palpation experiments and deformation relative to the ground truth force given for all experiments performed
for each gelatin concentration.

the displacements relative to the applied forces are given in Table 1 for each material. The range of the surface
movements is similar for all experiments performed on gelatin phantoms with a mean of 5.28(0.45) px. The sur-
face deformation relative to the applied force decrease for stiffer phantoms correlating with the increase in force
estimation errors (pCC= —0.76). Transferring the application to other materials with different elastic properties
visualizes the impact of elasticity, resulting in increased errors for the force estimation. Under- and overestima-
tion of the forces is visible for more and less elastic samples, respectively (see e.g. in Fig. 5b). The largest differ-
ences in elasticity also correspond to the largest average errors.

Generalization of force estimation models. We report the results for models tasked to generalize to
elastic properties not present in the training data. We compare the models with only 2D and 3D deformation
inputs to our fusion models which additionally consider elasticity via the phase velocity information (2D+SWEI
and 3D+SWEI). The velocity estimates from all locations across all samples are displayed in Fig. 6a. Overall,
the method displays good differentiation between the different sample types. Within-group variation increases
with increasing sample stiffness and phase velocity, especially for 15 % and 17.5 % gels. Regarding model per-
formance, all evaluation metrics for each fold representing a new elasticity, as well as the mean across all folds
in Table 2. The absolute errors for the force estimation models are also displayed in Fig. 6b. Considering models
without SWEI fusion, 3D inputs clearly outperform the 2D surface data with an average rMSE of 143.7 mN
and 216.7 mN, respectively. Normalized errors are also lower with 0.26 for the former and 0.20 for the latter.
Introducing our SWEI fusion models results in performance increases for both 3D and 2D, reducing the cross-
validation rMSE to 91.0 mN and 97.2 mN, respectively. When generalizing to unknown elastic properties we
can further differentiate between inter- and extrapolation problems. Evaluating the pCC shown in Table 2, mod-
els trained with volumetric data but without SWEI information offer improved ability to interpolate between
different elasticities compared to their 2D counterpart. Out-of-distribution generalization leads to considered
increases in MAE, specifically for surface data inputs. Moreover, the extrapolation to Gse, is especially challeng-
ing, leading to the highest absolute and normalized errors for 2D and 3D models (see Table 2 and Fig. 6b). Phase
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Gi [%]

5

7.5

10

12.5

15

17.5

20

Mean

Without SWEI

2D

rMSE

233.54+353

157.1 & 68.1

138.0 +23.9

186.9 = 8.1

193.8 =814

263.5+£79.6

295.8 £119.2

216.7 £ 60.3

nMAE

0.85+0.14

0.22 +0.09

0.1540.02

0.1540.01

0.15 4 0.07

0.14 & 0.06

0.14 £ 0.06

0.26 +0.26

pCC

0.87 £ 0.04

0.81 £ 0.06

0.70 £ 0.07

0.85 £ 0.08

0.84+0.12

0.80 + 0.06

0.85 +0.06

0.78 £ 0.07

3D

rMSE

227.1+484

82.1+11.7

69.1 £31.2

114.7 £ 17.5

110.5 + 36.5

181.9 £ 109.0

180.5 + 54.0

143.7 £62.3

nMAE

0.84 +£0.18

0.13 +£0.03

0.08 +0.04

0.10 £0.01

0.08 +0.02

0.10 £ 0.07

0.08 +0.02

0.20 £0.28

pCC

0.92 £0.01

0.83 +0.08

0.94 +0.01

0.93 +0.02

0.94 +0.03

0.94 +0.03

0.90 +0.03

0.89 +0.03

With SWEIL

2D

rMSE

455+74

52.6 £20.9

61.2+£9.3

92.0 £16.1

104.3 +23.5

152.9 £ 39.0

160.5 + 31.0

97.2+£47.3

nMAE

0.15£0.02

0.08 +0.02

0.07 £0.01

0.08 £0.02

0.08 +0.02

0.08 £ 0.02

0.07 £0.01

0.09 £ 0.03

pCC

0.90 +0.01

0.92 +0.08

0.94 +0.02

0.95+0.01

0.94 £ 0.01

0.92 +0.04

0.94 +0.03

0.90 +0.01

3D

rMSE

100.7 £ 15.7

44.7 £ 25.6

50.8 +17.7

67.7 +17.1

101.7 + 8.7

133.2 +26.2

127.3 +11.0

91.0 +34.7

nMAE

0.36 £ 0.06

0.07 +£0.03

0.06 £ 0.02

0.06 £ 0.01

0.08 +£0.01

0.07 £0.01

0.05 +0.01

0.11£0.11

pCC

0.96 +0.01

0.90 +£0.11

0.97 £0.01

0.97 +£0.02

0.95+0.01

0.93 +£0.03

0.97 +£0.01

0.93 +£0.02

Table 2. Force estimation for models tasked to generalize to unknown elastic properties: Results are compared
for 2D and 3D inputs as well as our proposed method with SWEI fusion (2D+SWEI and 3D+SWEI).

Mean and standard deviation are given over the 7-fold cross validation where each subset represents the
generalization to one unseen elasticity. Results averaged over all folds are also shown and the lowest rMSE
[mN] scores are marked in bold.

velocity fusion provides improved generalization to the softer material and results in an error reduction of 81 %
and 56 % for 2D+SWEI and 3D+SWEI, respectively.

Force estimation on soft tissue. We ensemble the previously trained models and report the generaliza-
tion from phantom to ex-vivo tissue data. The evaluation metrics for all test samples are displayed in Table 3.
Absolute errors for individual estimations are also shown in the boxplot in Fig. 7a. The mean phase velocity
of chicken tissue is 3.59 + 091 m s~!. Overall, our proposed SWEI fusion models clearly outperform 2D and
3D models without additional phase velocity input. Estimations performed on ex-vivo chicken heart tissue are
feasible with an rMSE of 51.2 mN. Without SWEI, rMSE increases up to 283.15 mN with a normalized MAE as
high as 0.6. An example of the resulting force estimations for all models can be seen in Fig. 7b. Models without
SWEI overestimate the applied force while 2D+SWEI and 3D+SWEI models are more appropriately scaled by
the phase velocity measurement.

Discussion

Real-time haptic feedback during minimally invasive RAS is critical to avoid soft tissue damage and to regain
the surgeons natural sense of touch*®*”. We show that the elastic properties of soft tissue have a strong influence
in image-based force estimation. To include the biomechanical properties of soft tissue we propose a system
which first, identifies the local elasticity of soft tissue with OCE and second, acquires high resolution volumetric
images with OCT. We demonstrate a multi-input deep learning network which jointly processes elasticity and
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Figure 7. Ex-vivo Soft Tissue: (a) Absolute errors across all soft tissue samples plotted for each model.

Accounting for sample elasticity results in superior generalization from gelatin to soft tissue. (b) Example force

estimates for the palpation of a tissue sample for all trained models.

Model 2D 3D 2D+SWEI 3D+SWEI
rMSE [mN] 129.5 + 82.6 283.5+212.9 51.2+24.8 76.6 £ 35.6
nMAE 0.26 £0.17 0.60 +0.48 0.10 + 0.04 0.16 + 0.09
pCC 0.93 £0.03 0.94 £ 0.04 0.91 £ 0.06 0.94 £ 0.03

Table 3. Evaluation metrics for all models trained on phantom data and tested on ex-vivo soft tissue. Results
are averaged for all tissue samples and best results are marked bold.

image information. In the following we discuss our results concerning (1) the models performance with respect
to the elasticity represented in the training and evaluation data, (2) the models ability to interpolate to elasticities
which are not represented in the training data as well as the impact of including elasticity sensing, and (3) the
feasibility of force estimation on completely unknown soft tissue images.

Our results for models exclusively trained on a distinct gelatin gel show that force estimation on new samples
is only feasibly if the elasticity is in a similar range as the training data. This is an expected results and congru-
ent to reports in the literature that the elasticity needs to be known for accurate force estimation*®. Although
in general training and evaluation on a single bio-mechanical tissue model is feasible?! it is strongly limited in
clinical applications. In practice, soft tissue elasticity ranges for individual tissue types, e.g., the elastic modulus
for normal heart muscle is 18 + 2 kPa and for cardiac fibrosis tissue 55 + 15 kPa*’. This case is represented in
our data by the gelatin with a weight ratio of 5% (17.42 kPa) and 15% (56.04 kPa)*. Consequently, our results
show that if the network is trained on healthy heart tissue and evaluated on pathological tissue the MAE could
increase 20-fold (see Fig. 5a).

To alleviate this problem, we propose deep learning models that can generalize to changes in material proper-
ties. Results in Table 2 show that the fusion of SWEI provides superior performance when generalizing to new
elastic properties in our phantom study. Our multi-input fusion models outperform the approaches with only
image data as inputs, especially when only surface data is available. Consistent with the results shown in Fig. 6a,
the largest reductions in absolute errors are achieved for the softer materials (Gsy-G1o%) where phase velocity
measurements display low variance. For stiffer materials, the variance increases as it is more difficult to accurately
detect the faster propagating waves. However, SWEI fusion is beneficial even where phase velocity estimates
overlap and errors generally increase for stiffer materials due to the smaller deformations relative to the applied
force. Over all elasticities unseen during training, we report a cross-validation average rMSE below 100 mN for
our multi-input fusion models. In comparison, the generalization to a second synthetic material by Chua et. al.
yielded an rMSE of 1865 mN for vision input data from stereographic cameras and an rMSE of 485 mN while
data processing included the robot state and joint torques'®. However, not only palpation was considered as in our
case, but also pulling of the sample, making the learning task more challenging. Similarly in!, both interactions
were regarded simultaneously and the forces along the instrument axis during the palpation task were estimated
with an rMSE of 1100 mN and a pCC of 0.55. Our fusion models are also competitive with approaches that have
focused on a single material only, especially for soft gelatin samples. A learning-based approach on a single heart
model phantom resulted in an rMSE of 60 mN®2. An extension of the approach was tested on two different sam-
ples from the same material and the authors reported a combined rMSE of 20 mN? for the training and test set.

Our results show that elasticity information is essential when performing image-based force estimation on
unknown soft tissue. It stands out, that we only train our models on gelatin phantoms and evaluate the per-
formance on chicken heart tissue. Even though the SWEI estimates represent a simplified relationship of the
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complex nonlinear mechanics present in heterogeneous, anisotropic soft tissue, we show that our models are
able to leverage the additional information for an improved force estimation. The networks including elasticity
estimates achieve superior performance with lower rMSE and nMAE (see Table 3). Our 2D+SWEI network even
outperforms our 3D+SWEI approach on soft tissue. One possible explanation is the complex structure of the soft
tissue, which is anisotropic and heterogeneous. Volumetric training data from samples with a similar mechanical
structure should improve performance for 3D+SWEIL. Additionally, the pre-processing of the surface data also
reduces the dependence on speckle properties. Regarding pCC, performance is similar for all networks, suggest-
ing that the networks without SWEI fusion detect deformations but overestimate or underestimate the applied
forces, as shown in Fig. 7a. These networks are unable to relate tissue properties and the observed deformation,
as demonstrated for gelatin phantom data. Overall performance is lower compared to our cross-validation
approach on gelatin phantoms, due to the uneven surface of the soft tissue and the changes in speckle proper-
ties. Our 2D+SWEI network even outperforms our 3D+SWEI approach on soft tissue which might be due to
the pre-processed surface information, making it independent of speckle variations and surface characteristics.
The deviation in chicken heart tissue elasticity estimates is larger than estimates from similar elasticity ranges,
e.g., Gsy, and Gy sy. This shows that the soft tissue elasticity is not consistent throughout the samples although
visually samples look identical. Further investigating our approach on in-vivo data will be essential to study
the influence of vascularization, soft tissue heterogeneity and boundary conditions regarding wave reflections.
Shear wave elasticity estimates are known to be frequency dependent, as dispersion effects create a nonlinear
relationship between the elasticity and frequency®**. To further refine elasticity estimates, stimulating shear
waves with multiple frequencies could be implemented.

It is known that the OCE measurements for soft tissue is directly related to tissue pathology>> . Hence, we
can adapt our multi-input deep learning approach to real-time classification tasks, e.g., liver fibrosis staging'®,
detecting optimal sample points for tissue biopsies or in classifying tumor tissue. One limitation of our system is
the piezoelectric element which currently limits the interaction to a pushing task. Therefore, non-contact shear
wave excitation via an air-pulse® and the pulling task should be considered. Finally, it will be essential to trans-
late the estimated forces into haptic feedback for the physician®, e.g. as kinesthetic®® or vibrotactile® feedback.

Conclusion

In this work, we propose image-based estimation of tool-tissue interaction forces combined with estimation of
local biomechanical properties in a single modality. We present an experimental setup that enables simple and
efficient data acquisition of OCE and OCT data needed for robust deep learning approaches. The conducted
phantom study highlights that the influence of local elasticity cannot be neglected when estimating interaction
forces. Furthermore, we show that our multi-input fusion model can generalize from phantom to soft tissue
samples. Thus, a single, versatile model for image-based force estimation is feasible, which could enable real-time
haptic feedback and increased autonomy in robotic-assisted interventions.

Data availability

The data analyzed in this study is available from the corresponding authors upon reasonable request.

Received: 25 July 2022; Accepted: 23 December 2022
Published online: 10 January 2023

References

1. Ghezzi, T. L. & Corleta, O. C. 30 years of robotic surgery. World J. Surg. 40, 2550-2557 (2016).

2. Armijo, P. R,, Pagkratis, S., Boilesen, E., Tanner, T. & Oleynikov, D. Growth in robotic-assisted procedures is from conversion of
laparoscopic procedures and not from open surgeons’ conversion: A study of trends and costs. Surg. Endosc. 32,2106-2113 (2018).

3. Diana, M. & Marescaux, J. Robotic surgery. J. Br. Surg. 102, e15-28 (2015).

4. Wee, L.]. Y., Kuo, L.-J. & Ngu, J.C.-Y. A systematic review of the true benefit of robotic surgery: Ergonomics. The Int. J. Med. Robot.
Comput. Assist. Surg. 16, 2113 (2020).

5. Aviles-Rivero, A. L. et al. Sensory substitution for force feedback recovery. ACM Trans. Appl. Percept. 15, 1-19. https://doi.org/10.
1145/3176642 (2018).

6. Overtoom, E. M., Horeman, T., Jansen, E-W., Dankelman, J. & Schreuder, H. W. R. Haptic feedback, force feedback, and force-
sensing in simulation training for laparoscopy: A systematic overview. J. Surg. Educ. 76, 242-261. https://doi.org/10.1016/j.jsurg.
2018.06.008 (2019).

7. Golahmadi, A. K., Khan, D. Z., Mylonas, G. P. & Marcus, H. J. Tool-tissue forces in surgery: A systematic review. Ann. Med. Surg.
65, 102268. https://doi.org/10.1016/j.amsu.2021.102268 (2021).

8. Lim, S.-C., Lee, H.-K. & Park, J. Role of combined tactile and kinesthetic feedback in minimally invasive surgery. The Int. ]. Med.
Robot. Comput. Assist. Surg. 11, 360-374 (2015).

9. Marbadn, A, Casals, A., Fernandez, J. & Amat, J. Haptic feedback in surgical robotics: Still a challenge. In ROBOT2013: First Iberian
Robotics Conference, 245-253 (Springer, 2014).

10. Simaan, N., Yasin, R. M. & Wang, L. Medical technologies and challenges of robot-assisted minimally invasive intervention and
diagnostics. Annu. Rev. Control Robot. Autonom. Syst. 1, 465-490 (2018).

11. Okamura, A. M., Verner, L. N., Reiley, C. E. & Mahvash, M. Haptics for robot-assisted minimally invasive surgery. In Robotics
Research, (eds Siciliano, B. et al.) vol. 66 of Springer Tracts in Advanced Robotics, 361-372, https://doi.org/10.1007/978-3-642-
14743-2_30 (Springer Berlin Heidelberg, Berlin, Heidelberg, 2011).

12. Amirabdollahian, F et al. Prevalence of haptic feedback in robot-mediated surgery: A systematic review of literature. J. Robot.
Surg. 12, 11-25. https://doi.org/10.1007/s11701-017-0763-4 (2018).

13. Culmer, P,, Alazmani, A., Mushtagq, E, Cross, W. & Jayne, D. 15 - haptics in surgical robots. In Handbook of robotic and image-
guided surgery, (eds Abedin-Nasab, M. H.) 239-263, https://doi.org/10.1016/B978-0-12-814245-5.00015-3 (Elsevier, Amsterdam,
Netherlands, 2020).

14. Yang, C., Xie, Y., Liu, S. & Sun, D. Force modeling, identification, and feedback control of robot-assisted needle insertion: A survey
of the literature. Sensors (Basel, Switzerland)https://doi.org/10.3390/5s18020561 (2018).

Scientific Reports |

(2023) 13:506 | https://doi.org/10.1038/s41598-022-27036-7 nature portfolio


https://doi.org/10.1145/3176642
https://doi.org/10.1145/3176642
https://doi.org/10.1016/j.jsurg.2018.06.008
https://doi.org/10.1016/j.jsurg.2018.06.008
https://doi.org/10.1016/j.amsu.2021.102268
https://doi.org/10.1007/978-3-642-14743-2_30
https://doi.org/10.1007/978-3-642-14743-2_30
https://doi.org/10.1007/s11701-017-0763-4
https://doi.org/10.1016/B978-0-12-814245-5.00015-3
https://doi.org/10.3390/s18020561

www.nature.com/scientificreports/

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

42.

43.

44,

45.
46.

47.

48.

49.

50.

51.

52.

53.

Nazari, A. A., Janabi-Sharifi, E & Zareinia, K. Image-based force estimation in medical applications: A review. IEEE Sens. J. 21,
8805-8830. https://doi.org/10.1109/JSEN.2021.3052755 (2021).

Berkelman, P. J., Whitcomb, L. L., Taylor, R. H. & Jensen, P. A miniature instrument tip force sensor for robot/human coopera-
tive microsurgical manipulation with enhanced force feedback. In International Conference on Medical Image Computing and
Computer-Assisted Intervention, 897-906 (Springer, 2000).

Sang, H. et al. External force estimation and implementation in robotically assisted minimally invasive surgery. The Int. ]. Med.
Robot. Comput. Assist. Surg. 13, e1824. https://doi.org/10.1002/rcs.1824 (2017).

Chua, Z., Jarc, A. M. & Okamura, A. M. Toward force estimation in robot-assisted surgery using deep learning with vision and
robot state. In 2021 IEEE International Conference on Robotics and Automation (ICRA), 12335-12341. (IEEE, 2021).

Sande, J. A. et al. Ultrasound shear wave elastography and liver fibrosis: A prospective multicenter study. World J. Hepatol. 9, 38
(2017).

Yang, Y.-P. et al. Qualitative and quantitative analysis with a novel shear wave speed imaging for differential diagnosis of breast
lesions. Sci. Rep. 7, 1-11 (2017).

Miller, K., Chinzei, K., Orssengo, G. & Bednarz, P. Mechanical properties of brain tissue in-vivo: Experiment and computer simula-
tion. J. Biomech. 33, 1369-1376 (2000).

Haouchine, N., Kuang, W., Cotin, S. & Yip, M. Vision-based force feedback estimation for robot-assisted surgery using instrument-
constrained biomechanical three-dimensional maps. IEEE Robot. Autom. Lett. 3, 2160-2165 (2018).

Giannarou, S. et al. Vision-based deformation recovery for intraoperative force estimation of tool-tissue interaction for neurosur-
gery. Int. . Comput. Assist. Radiol. Surg. 11, 929-936. https://doi.org/10.1007/s11548-016-1361-z (2016).

Aviles, A. I, Marban, A., Sobrevilla, P.,, Fernandez, ]. & Casals, A. A recurrent neural network approach for 3d vision-based force
estimation. In 2014 4th International Conference on Image Processing Theory, Tools and Applications (IPTA), 1-6, https://doi.org/
10.1109/IPTA.2014.7001941 (IEEE, 2014).

Marban, A., Srinivasan, V., Samek, W, Fernandez, J. & Casals, A. A recurrent convolutional neural network approach for sensorless
force estimation in robotic surgery. Biomed. Signal Process. Control 50, 134-150 (2019).

Behrendt, E, Gessert, N. & Schlaefer, A. Generalization of spatio-temporal deep learning for vision-based force estimation. Curr.
Direct. Biomed. Eng.https://doi.org/10.1515/cdbme-2020-0024 (2020).

Aviles, A. 1., Alsaleh, S. M., Hahn, J. K. & Casals, A. Towards retrieving force feedback in robotic-assisted surgery: A supervised
neuro-recurrent-vision approach. IEEE Trans. Haptics 10, 431-443. https://doi.org/10.1109/TOH.2016.2640289 (2017).

Gessert, N., Schliiter, M. & Schlaefer, A. A deep learning approach for pose estimation from volumetric oct data. Med. Image Anal.
46, 162-179 (2018).

Gessert, N., Bengs, M., Schliiter, M. & Schlaefer, A. Deep learning with 4d spatio-temporal data representations for oct-based force
estimation. Med. Image Anal. 64, 101730 (2020).

Neidhardt, M. et al. Force estimation from 4d oct data in a human tumor xenograft mouse model. Curr. Directi. Biomed. Eng. 6,
20200022. https://doi.org/10.1515/cdbme-2020-0022 (2020).

Qiu, Y. et al. Quantitative optical coherence elastography based on fiber-optic probe for in situ measurement of tissue mechanical
properties. Biomed. Opt. Express 7, 688-700 (2016).

Mieling, R., Sprenger, ., Latus, S., Bargsten, L. & Schlaefer, A. A novel optical needle probe for deep learning-based tissue elasticity
characterization. Curr. Direct. Biomed. Eng. 7, 21-25 (2021).

Neidhardt, M. et al. 4d deep learning for real-time volumetric optical coherence elastography. Int. J. Comput. Assist. Radiol. Surg.
16, 23-27 (2021).

Wang, S. et al. A focused air-pulse system for optical-coherence-tomography-based measurements of tissue elasticity. Laser Phys.
Lett. 10, 075605 (2013).

Kijanka, P. & Urban, M. W. Local phase velocity based imaging: A new technique used for ultrasound shear wave elastography.
IEEE Trans. Med. Imaging 38, 894-908 (2018).

Maksuti, E. et al. Arterial stiffness estimation by shear wave elastography: Validation in phantoms with mechanical testing. Ultra-
sound Med. Biol. 42, 308-321 (2016).

Beuve, S., Kritly, L., Call¢, S. & Remenieras, J.-P. Diffuse shear wave spectroscopy for soft tissue viscoelastic characterization.
Ultrasonics 110, 106239 (2021).

Kennedy, C. W. & Desai, . P. A vision-based approach for estimating contact forces: Applications to robot-assisted surgery. Appl.
Bionics Biomech. 2, 53-60 (2005).

Huang, G., Liu, Z., Van Der Maaten, L. & Weinberger, K. Q. Densely connected convolutional networks. In Proceedings of the IEEE
conference on computer vision and pattern recognition 4700-4708 (2017).

Nair, V. & Hinton, G. E. Rectified linear units improve restricted boltzmann machines. In Icml (2010).

Ioffe, S. & Szegedy, C. Batch normalization: Accelerating deep network training by reducing internal covariate shift. In International
conference on machine learning, 448-456 (PMLR, 2015).

Smith, L. N. & Topin, N. Super-convergence: Very fast training of neural networks using large learning rates. In Artificial Intel-
ligence and Machine Learning for Multi-Domain Operations Applications, vol. 11006, 1100612 (International Society for Optics
and Photonics, 2019).

Kingma, D. P. & Ba, J. Adam: A method for stochastic optimization. arXiv preprint arXiv:1412.6980 (2014).

He, K., Zhang, X., Ren, S. & Sun, J. Delving deep into rectifiers: Surpassing human-level performance on imagenet classification.
In Proceedings of the IEEE international conference on computer vision, 1026-1034 (2015).

Crameri, E, Shephard, G. E. & Heron, P. J. The misuse of colour in science communication. Nat. Commun. 11, 1-10 (2020).
Ouyang, Q. et al. Bio-inspired haptic feedback for artificial palpation in robotic surgery. IEEE Trans. Biomed. Eng. 68, 3184-3193
(2021).

Wagner, C. R., Howe, R. D. & Stylopoulos, N. The role of force feedback in surgery: Analysis of blunt dissection. In Haptic Interfaces
for Virtual Environment and Teleoperator Systems, International Symposium on, 73 (Citeseer, 2002).

Haouchine, N., Kuang, W., Cotin, S. & Yip, M. Vision-based force feedback estimation for robot-assisted surgery using instrument-
constrained biomechanical three-dimensional maps. IEEE Robot. Autom. Lett. 3, 2160-2165. https://doi.org/10.1109/LRA.2018.
2810948 (2018).

Berry, M. F. et al. Mesenchymal stem cell injection after myocardial infarction improves myocardial compliance. Am. J. Physiol.-
Heart Circ. Physiol. 290, H2196-H2203 (2006).

Neidhardt, M. et al. Ultrasound shear wave elasticity imaging with spatio-temporal deep learning. IEEE Trans. Biomed. Eng. 69(11),
3356-3364 (2022).

Marban, A, Srinivasan, V., Samek, W., Fernandez, J. & Casals, A. A recurrent convolutional neural network approach for sensorless
force estimation in robotic surgery. Biomedical Signal Processing and Control 50, 134-150. (2019).

Aviles, A. 1., Alsaleh, S., Sobrevilla, P. & Casals, A. Sensorless force estimation using a neuro-vision-based approach for robotic-
assisted surgery. In 2015 7th International IEEE/EMBS Conference on Neural Engineering (NER), 86-89, https://doi.org/10.1109/
NER.2015.7146566 (2015).

Yengul, S. S., Barbone, P. E. & Madore, B. Dispersion in tissue-mimicking gels measured with shear wave elastography and torsional
vibration rheometry. Ultrasound Med. Biol. 45, 586-604 (2019).

Scientific Reports |

(2023) 13:506 | https://doi.org/10.1038/s41598-022-27036-7 nature portfolio


https://doi.org/10.1109/JSEN.2021.3052755
https://doi.org/10.1002/rcs.1824
https://doi.org/10.1007/s11548-016-1361-z
https://doi.org/10.1109/IPTA.2014.7001941
https://doi.org/10.1109/IPTA.2014.7001941
https://doi.org/10.1515/cdbme-2020-0024
https://doi.org/10.1109/TOH.2016.2640289
https://doi.org/10.1515/cdbme-2020-0022
http://arxiv.org/abs/1412.6980
https://doi.org/10.1109/LRA.2018.2810948
https://doi.org/10.1109/LRA.2018.2810948
https://doi.org/10.1109/NER.2015.7146566
https://doi.org/10.1109/NER.2015.7146566

www.nature.com/scientificreports/

54. Rus, G., Faris, I. H., Torres, J., Callejas, A. & Melchor, J. Why are viscosity and nonlinearity bound to make an impact in clinical
elastographic diagnosis?. Sensors 20, 2379 (2020).

55. Yuting, L. et al. Microscale characterization of prostate biopsies tissues using optical coherence elastography and second harmonic
generation imaging. Lab. Invest. 98, 380-390 (2018).

56. Li, C. et al. Detection and characterisation of biopsy tissue using quantitative optical coherence elastography (oce) in men with
suspected prostate cancer. Cancer Lett. 357, 121-128 (2015).

57. Patel, R. V., Atashzar, S. F. & Tavakoli, M. Haptic feedback and force-based teleoperation in surgical robotics. Proc. IEEE 110,
1012-1027 (2022).

58. Mieling, R. et al. Proximity-based haptic feedback for collaborative robotic needle insertion. In International Conference on Human
Haptic Sensing and Touch Enabled Computer Applications, 301-309 (Springer, 2022).

59. Aggravi, M, Estima, D. A., Krupa, A., Misra, S. & Pacchierotti, C. Haptic teleoperation of flexible needles combining 3d ultrasound
guidance and needle tip force feedback. IEEE Robot. Autom. Lett. 6, 4859-4866 (2021).

Author contributions

M.N. and A.S. conceived the study, M.N. conducted the experiments in the laboratory, R. M. conducted the
deep learning experiments, M.N. and R.M. analyzed the results and wrote the article, M.B. assisted in model
development, A.S. supervised the project and all authors reviewed the manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. This work was partially funded by the TUHH i
initiative and the Interdisciplinary Competence Center for Interface Research (ICCIR) supported by Hamburg
University of Technology (TUHH) and University Hospital Hamburg-Eppendorf (UKE). Publishing fees funded
by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) - Projektnummer 491268466
and the Hamburg University of Technology (TUHH) in the funding program *Open Access Publishing*.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to R.M.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

Scientific Reports |

(2023) 13:506 | https://doi.org/10.1038/s41598-022-27036-7 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Optical force estimation for interactions between tool and soft tissues
	Methods
	Problem definition and data representations. 
	Experimental setup. 
	Experimental data acquisition. 
	SWEI data. 
	Force estimation data. 

	Pre-processing. 
	Shear wave phase velocity estimation. 
	Deep learning architectures. 
	Training. 
	Experiments. 
	Force estimation for individual materials. 
	Generalization of force estimation models. 
	Force estimation on soft tissue. 

	Discussion
	Conclusion
	References


