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Abstract: Robot-assisted minimally-invasive surgery is
increasingly used in clinical practice. Force feedback offers
potential to develop haptic feedback for surgery systems.
Forces can be estimated in a vision-based way by capturing
deformation observed in 2D-image sequences with deep
learning models. Variations in tissue appearance and me-
chanical properties likely influence force estimation
methods’ generalization. In this work, we study the
generalization capabilities of different spatial and spatio-
temporal deep learning methods across different tissue
samples. We acquire several data-sets using a clinical
laparoscope and use both purely spatial and also spatio-
temporal deep learning models. The results of this work
show that generalization across different tissues is chal-
lenging. Nevertheless, we demonstrate that using spatio-
temporal data instead of individual frames is valuable for
force estimation. In particular, processing spatial and
temporal data separately by a combination of a ResNet and
GRU architecture shows promising results with a mean
absolute error of 15.450 compared to 19.744 mN of a purely
spatial CNN.

Keywords: deep learning; laparoscopic imaging; spatio-
temporal data; vision-based force estimation.

Introduction

Modern robot-assisted surgical systems for minimally
invasive surgery offer high dexterity to surgeons and allow
delicate operations. Features like tremor filtering or motion
scaling enabling precise handling of the tools and can
reduce physical trauma and hospital stay [1, 2]. By imple-
menting force feedback, tissue interaction forces could be
presented to the surgeon and thus facilitate the in-
terventions especially for less experienced surgeons [3, 4].
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In order to implement force feedback, interaction forces
between instruments and tissues have to be measured. One
approach is to measure the forces by external electro-
mechanical force sensors, assembled at the tip of the in-
struments [5]. However, implementing sensors in existing
systems while preserving full dexterity of the instruments
and enable sterilization entails challenging problems [6].
To overcome disadvantages of electro-mechanical force
sensors, vision-based force estimation (VBFE) is a prom-
ising approach. With VBFE, interaction forces between
tissue and instruments can be estimated from images of the
deformed tissue.

Recently, deep learning approaches that deal with
image sequences and thus temporal information instead of
single 2D-images have proven to be beneficial for force
estimation:

In 2017 Aviles et al. [7] manually extracted the
deformed structure of the tissue from stereo-image se-
quences and processed the features with a recurrent neural
network (RNN).

In the work of Marban et al. [8], a convolutional neural
network (CNN) is used as feature extractor instead of
extracting the features by hand.

Recent approaches often use external cameras to ac-
quire images. To implement VBFE into clinical application,
it is beneficial to use established imaging systems for
minimally invasive surgery: Laparoscopes. Furthermore, a
systematic comparison of spatio-temporal approaches is
missing and there is no evaluation of robustness across
different ex-vivo tissues.

In this work, we compare different approaches of
processing the temporal information systematically.
Furthermore, we make use of different ex-vivo chicken
heart tissues to evaluate robustness and generalization
across tissues.

Materials and methods

Data-set generation

The visual information of the deformation of ex-vivo tissues is acquired
along with the corresponding forces, measured by physical force-
sensing, to train the models in a supervised fashion. The models learn
to extract features from the input images and to map the deformation
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of the tissues to a corresponding force. For inference, images of the
tissues are provided to the models and the forces are estimated.

To obtain data to train and evaluate the algorithms, we use the
following experimental setup. The main parts of the setup are a
laparoscope (Olympus, Endoeye Flex 3D), a force-torque sensor (ATI
Nano45), different ex-vivo tissues, a needle as instrument head
phantom and a hexapod-robot (Physik Instrumente GmbH). A Sche-
matic drawing of the setup is depicted in Figure 1. The force-torque
sensor (2) is fixed to an adapter plate that is attached to the hexapod-
robot (1). A drill chuck screwed on the force-torque sensor fixes the
needle (3). The laparoscope (5) is attached to a carrier system. Three
different chicken hearts (4) are used to evaluate the generalization
ability across different chicken hearts of the applied algorithms. For
measurement, the needle is driven by the hexapod and manipulates
the tissue while the laparoscope is used to acquire images. The needle
is driven with a smooth random movement pattern along it’s shaft-
axis. The force-torque sensor measures the interaction-forces induced
by the needle. The acquisition is performed in 12 different trials per
tissue. For each trial, needle position and maximal deformation depth
is altered to evaluate the robustness of the algorithms. The acquisition
procedure results in a data-set including chicken heart 1, chicken heart
2 and chicken heart 3 (CH1, CH2 and CH3), each consisting of 12 trials.
In total, the tissue data-set consists of 9,707 + 9,835 + 9,624 = 29,166
images. To achieve equal frame rates, the force stream is down-
sampled to the image acquisition frequency of 25 Hz. Images and the
corresponding force values are synchronized by adding a delay be-
tween force and video stream manually. Figure 1 shows an exemplary
image, fed to the network. The image has an original resolution of
865 px x 487 px and is cropped to a 400 px x 400 px region of interest.
For evaluation across different chicken heart tissues, we apply a 3-fold
cross validation where in each fold two different tissues are used as
training data and the remaining tissue as test data. For tuning
hyperparameters, we exclude four trials per fold to use them as vali-
dation-set.

Architectures and training

We investigate three network architectures (See Figure 2). For pro-
cessing spatial data, i.e., RGB-images x € R a 2D-Resnet archi-
tecture (2DRN) is used. For processing spatio-temporal data, i.e.
RGB-image-sequences x € R™"3 where fis the number of frames in
the input-sequence, two approaches are provided: A 3D-Resnet ar-
chitecture (3DRN) that processes spatial and temporal information
simultaneously and a combination of a 2D-Resnet and a GRU-RNN
architecture (CNNGRU) that processes the information separately. For
all approaches, the residual architecture ResNet-34 [9] serves as

Figure 1: Experimental setup for acquiring the data-set. Left: Setup
with all its components. Right: Exemplary acquired image.
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backbone. For spatio-temporal models, the sequence length is set to
f=4.

2DRN (Figure 2A) is the plain ResNet-34 architecture from [9] and
serves as a baseline for comparison. Only the last layer is replaced by a
fully connected layer with one output.

3DRN (Figure 2B) extends the 2DRN architecture to 3D convolu-
tions. Therefore the 2D-Kernels are replaced by 3D-Kernels. For tem-
poral dimension a stride of s = 1 is used.

CNNGRU (Figure 2C) decouples the processing of spatial and
temporal data. First, the 2DRN is used to extract a feature repre-
sentation of the images in the input-sequence. The feature vector
Xour € R2*® is then fed to the GRU-RNN, consisting of two hidden
layers with 1024 neurons. Two fully connected layers with a
dropout-layer and a ReLU activation in between produce the scalar
output You.

The root mean square error (RMSE) serves as loss function. We
train for 300 epochs with the Adam algorithm. 2DRN and 3DRN are
trained from scratch and no pre-training is applied. For the CNNGRU,
2DRN pretrained on the same data-set is loaded and further trained
along with the GRU-RNN. The mean average error (MAE) is reported as
absolute metric. Relative metrics are provided by the relative MAE
(rMAE) and pearson’s correlation coefficient (PCC). The rMAE is
determined by dividing MAE by the standard deviation of the targets.
Additionally, the interquartile range is provided. To test for significant
differences, the wilcoxon signed rank test is used with a significance
level of a=0.01. To visualize learned features from input-images, a
technique called Guided-backpropagation [10] is used for generating
saliency maps.

Results

Table 1 shows that models that process temporal and
spatial information separately, outperform other models
by a margin. CNNGRU performs best and also 3DRN out-
performs its 2D counterpart. The performance differences
are statistically significant for all models. All differences of
the MAE between the proposed models are significant with
a p-value of p<0.01.

The results show an improved performance for
CNNGRU. It is of interest how the averaged MAE is
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Figure 2: Proposed network architectures. 2DRN refers to
2D-Resnet, 3DRN refers to 3D-Resnet and CNNGRU refers to a com-
bination of 2D-Resnet and a GRU-RNN.
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Table 1: Comparison of the performance of all approaches. To
compare the models, the performance is averaged across the three
test- and training-set combinations of the chicken hearts (CH1, CH2,
CH3).

Network MAE [mN] rMAE PCC
2DRN 19.744(22.050) 0.423(0.423) 0.917(0.035)
3DRN 18.805(18.248) 0.403(0.391) 0.922(0.032)
CNNGRU 15.450(16.126) 0.331(0.346) 0.910(0.038)

composed regarding the different test-sets (CH1, CH2 and
CH3) and their corresponding training-sets. Therefore,
Figure 3 shows a boxplot, where CNNGRU and 2DRN are
compared across different test- and training-set compo-
sitions. It shows large differences between the test-sets
CH1, CH2 and CH3. Regarding the interquartile range, for
every test-set a wide spread of the errors can be observed.
It is noticeable that for 2DRN the absolute error is the
lowest for CH3 as test-set and the highest for CH1 as test-
set. All differences between the test- and training-set
combinations regarding the absolute error are significant
with a p-value of p<0.01. It is shown that 2DRN performs
similar for test-set CH2 and CH3 but considerably worse
for test-set CH1 compared to CNNGRU. To further inves-
tigate the different performance of CNNGRU and 2DRN
across the chicken hearts (CH1 and CH3) saliency maps
are presented in Figure 4. The shown saliency maps
provide a possibility to gain insight to what pattern and
regions the network relies on to solve a given task. Since
the performance of 2DRN and CNNGRU differs for the
different test-sets, a saliency map is provided for test-set
CH1 and CH3 for both models in Figure 4. The blue re-
gions of the images correspond to regions the network is
assumed to not rely on for force estimation. The red re-
gions indicate regions where information about the
applied force is collected. For 2DRN, using test-set CH3
shows a cloud-like region around the tip of the needle
where the network focuses on. For test-set CH1, the red
region is fissured and not solely located around the tip of
the needle. It can be observed that the region implicitly
includes bulging tissue behind the needle and fat-tissue
in general. For CNNGRU similar behavior can be observed
for test-set CH3. However, for test-set CH1 the saliency
map shows a smooth region around the needle.

Discussion

With a reduced MAE of 3DRN and CNNGRU compared to
2DRN in Table 1 we show that including temporal
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Figure 3: Absolute error for Resnet-34 (2DRN) in green and the
combined Resnet-34 and GRU-RNN (CNNGRU) in black evaluated on
different chicken heart data-sets (CH1, CH2 and CH3).

information is beneficial for the task. The MAE of our pro-
posed CNNGRU outperforms other models by a margin.
Thus, we show that utilizing temporal and spatial infor-
mation separately further improves the generalization
ability compared to a simultaneously processing. Figure 3
indicates that generalization across different tissues is a
challenging task. Differences across tissues regarding the
stiffness, applied forces, general surface appearance and
inhomogeneities within each tissue impede the force esti-
mation across the tissues. This is reflected in varying
performances between different test-sets and large inter-
quartile ranges. Therefore, with respect to the clinical
application, sufficient reliability of the force estimation for
quantitative measurement appears to be difficult with the
proposed surface-based method. The saliency maps in
Figure 4 show that temporal information can guide the
network to learn meaningful features. With respect to the
large variability of the tissues, extending the data-set with
more tissues is assumed to improve the overall perfor-
mance. Also providing additional information of the un-
derlying tissue structure and bio-mechanical properties is
assumed to be beneficial for the task.

Conclusion

In this work, we investigate robustness and generalization
of deep learning models utilizing temporal data for
VBFE with videos acquired by a clinical laparoscope.
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(A) 2DRN-CH3

(D) CNNGRU-CH1

(C) 2DRN-CH1

We show that using videos with spatio-temporal deep
learning methods rather than single images improves the
robustness and generalization of force estimation.
Furthermore, we show that processing temporal and
spatial information separately is superior to simultaneous
processing. Large variability across the tissues compared
to the data-set size and missing information of underlying
tissue structures or biomechanical properties aggravate the
force estimation. In future work, tissue identification could
be used to improve the generalization ability of the pro-
posed deep learning models. Also, force prediction could
be performed by estimating future force values based on
past values as shown in [11].
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(B) CNNGRU-CH3

Figure 4: Saliency-map for 2DRN and
CNNGRU. (A) 2DRN, trained with trials of CH1
and CH2, evaluated with CH3. (B) CNNGRU,
trained and evaluated as in (A). (C) 2DRN,
trained with trials of CH2 and CH3,
evaluated with CH1. (D) CNNGRU, trained
and evaluated as in (C).
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