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Abstract
Purpose This work presents an estimation technique as well as corresponding conditions which are necessary to produce an
accurate estimate of grip force and jaw angle on a da Vinci surgical tool using back-end sensors alone.
Methods This work utilizes an artificial neural network as the regression estimator on a dataset acquired from custom
hardware on the proximal and distal ends. Through a series of experiments, we test the effect of estimation accuracy due to
change in operating frequency, using the opposite jaw, and using different tools. A case study is then presented comparing
our estimation technique with direct measurements of material response curves on two synthetic tissue surrogates.
Results We establish the following criteria as necessary to produce an accurate estimate: operate within training frequency
bounds, use the same side jaw, and use the same tool. Under these criteria, an average root mean square error of 1.04 mN m in
grip force and 0.17 degrees in jaw angle is achieved. Additionally, applying these criteria in the case study resulted in direct
measurements which fell within the 95% confidence bands of our estimation technique.
Conclusion Our estimation technique, along with important training criteria, is presented herein to further improve the
literature pertaining to grip force estimation. We propose the training criteria to begin establishing bounds on the applicability
of estimation techniques used for grip force estimation for eventual translation into clinical practice.
Keywords Grip force estimation · Surgical robotics · Artificial neural network

Introduction
The introduction of surgical robots such as the da Vinci
surgical system has afforded surgeons with improved dexterity, scalable motions, and favorable ergonomic use [17].
Additional upgrades continue to be added the system such
as the ability to track robotic end-effector location, though
this software is proprietary and currently not widely available. Despite these continued technological improvements,
a key aspect missing in these surgical robots is a reliable
estimate of grip force at the end effector. Surgical robots
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are tele-operated, and therefore, there is no physical manipulation of the patient when using these robots. This lack of
force feedback to the surgeon presents various problems such
as a lack of diagnostic information through palpation [28],
increased potential for tissue crush injury [4,10], and a lack
of sufficient force application for tasks such as suturing [20].
Additionally, a reliable grip force estimate may prove valuable for ongoing research to automate surgical robot tasks
[11,25], identify tissue in real time [5,26,27], as well as create more tissue-realistic models for surgical simulation and
training [2,3]. This need for sufficiently realistic simulation
is notably acute. Mechanical differences in the behavior of
human tissues occur between healthy and diseased tissues,
different patients, and even different regions on the same
patient. There are, however, enough similarities in the behavior of tissues that appropriate decision can be made based on
tissue behaviors. Just as a physician can identify a stiff muscle by touching a live patient (in vivo), muscle stiffness is
quantifiable with the proper measurements. Unfortunately,
reliable data are insufficient for human tissue elasticity for
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the purposes of distinguishing healthy tissues from unhealthy
ones [6]. A limiting factor in collecting this data is the lack
of a reliable method to measure those properties from human
tissue samples in vivo [6], especially at a sufficiently large
scale to construct a representative database of tissue mechanical responses. The da Vinci robot, however, is in widespread
use and in daily contact with these tissues. Accurate grip
force and position measurements ascertained from da Vinci
procedures may provide unique opportunities to capture and
exploit such valuable data.
Prior art has addressed the lack of grip force measurements
by first discussing the viability of sensor placement on the
surgical robot. There are three candidate locations to place
sensors on da Vinci tools: the distal grasping end, the shaft,
and the proximal actuating end [24].
Placing sensors directly at the distal grasping end would
provide the best-case measurement, as the direct measurement circumvents a need for estimation. Major hindrances
previously reported preventing this application include size
constraints, cost, and sterilization issues [24]. The concerns
with size have recently been addressed with various novel
designs for force sensors integrated into the surgical grasper
[12,13,23]. However, these designs require either customizations or additions to the existing surgical hardware and likely
have not been adopted in clinical use due to remaining concerns of additional cost and sterilization. As explained in
[24], sterilization of surgical components which come in contact with the human body is required to help prevent the
spread of diseases. The most common of these sterilization
techniques is a steam sterilization process known as autoclaving. The sustained high temperature, pressure, and humidity
used during autoclaving can destroy electrical components
of the sensors, rendering them useless. As [24] explains,
other methods for sterilization such as chemical techniques
are possible, but have also not been readily adopted due to
lengthened time and adverse effects of some chemical agents
on tools. The challenges of adopting customized tools as well
as new sterilization techniques, even without the mention of
added costs, suggest that sensing at the distal end is a challenging prospect.
Placing sensors on the shaft is possibly confounded by
the high levels of friction at the insertion port, as well as
the aforementioned concerns of sterilization and cost. The
proximal end of the da Vinci tool (at the spindles) defaults
as a viable option for sensor placement, but suffers from the
potential for less accuracy in grasping force given that it is
an indirect measurement. Therefore, estimation techniques,
although not preferential, become necessary to convert the
proximal-end sensor measurements to a distal-end grip force
estimate.
Attempts at estimating grip force at the distal end of the
da Vinci tool using only proximally located sensors are often
called sensorless grip force estimation [19]. Despite this not
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being a truly sensor-free approach, sensorless refers to the
fact that the sensors used in the process are already inherent
in the surgical robot. For surgical robots, the back-end measurements available are motor position via encoder readings
and motor torque via an estimate of motor current. Motor
velocity can be ascertained via differentiation of position
readings. Additionally, true motor torque readings could feasibly be added via in-line torque senors on the back end, but
are currently not installed.
Most prior art concerning sensorless grip force estimation
falls into the category of physics-based modeling of surgical
tools to convert proximal measurements to distal estimates
of grip force utilizing a model rooted in physical parameters
(e.g., friction and hysteresis). In [1], a quasi-static model of a
da Vinci tool is developed using a dual tendon–sheath model.
In [20], an unscented Kalman filter was utilized to estimate
grip force of a 10-mm gripper driven by a Raven-II surgical
robot. This filter requires a dynamic model of the surgical
instrument, which has several tunable parameters which vary
with environment and system configuration [19,20].
Tuning every model parameter was suggested to be too
complex of a solution for grip force estimation given the
limited number of sensors available [19]. An alternative
approach is to utilize regression techniques which do not
explicitly rely on the dynamic model of the system, which
we will refer to as data-driven modeling. These data-driven
models contain parameters which may not directly relate
to the physical characteristics of the system, and therefore,
understanding an exact physical model is not required. These
approaches include kernel-based approaches such as support
vector machines (SVM) and Gaussian process regression
(GPR) as well as decision trees, bagged trees, random forests,
and neural networks. In [19], GPR was used to predict grip
force of the Raven surgical robot on a single surgical tool and
was capable of outperforming the dynamic physics-based
modeling approach. This work illuminated potential advantages from utilizing a data-driven estimation technique.
For each of these data-driven techniques, model parameters are trained using large amounts of input–output data
of the system. As mentioned, these model parameters may
not necessarily relate to physical properties of the system
(e.g., friction), but rather an arbitrary parameter within the
model (e.g., weights of interconnected nodes of a neural network). Once the training is complete, the derived model is
then used on newly acquired input data to predict the output
of the system. Although these data-driven techniques have
shown promising accuracy, the lack of physical intuition of
the model parameters makes it difficult to understand how
well the models generalize to unseen operating conditions.
Prior work such as [19] have been limited to single tools,
fixed frequencies, and limited grip force ranges.
In this work, we estimate grip force and jaw angle of
a da Vinci EndoWrist Surgical tool by utilizing a neural
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Fig. 1 a Conceptual diagram depicting distal and proximal sensors used for data collection, b rendered image depicting hardware on proximal end

network. The objective of this research is to test a datadriven regression estimation technique under a spectrum
of training conditions to understand generalizability of grip
force and jaw angle predictions. The grasps represent typical
robotic surgical grasping, and estimation is achieved based on
proximal-end measurements alone. We define a typical grasp
to be the closing portion of the grasp outputting between 5
and 55 mN m and spanning a range of 50 degrees from the
jaw’s neutral position. We collect and provide an open-source
dataset with time-synced proximal- and distal-end measurements with 0.1 mN m precision and 0.09 degree resolution
for distal-end torque and distal-end position, respectively.
Through a series of four experimental neural network training conditions, we propose reliability criteria on training
conditions to produce acceptable estimates. The four experimental conditions used for training the neural net are the
following: a baseline condition (Experiment 1: Baseline),
a frequency comparison (Experiment 2: Leave-frequencyout), a jaw comparison (Experiment 3: Leave-jaw-out), and
a tool comparison (Experiment 4: Leave-tool-out). Testing
the estimation accuracy across several conditions is done to
illuminate the generalizability of data-driven estimation techniques, since previous work has reported estimation accuracy
only under limited conditions. Utilizing this newly established reliability criteria, we present a case study estimating
mechanical material response of two synthetic tissue phantoms and compare these with a ground truth measurement
taken at the site of grasping.

Methods
Hardware setup
Data collection was accomplished via custom hardware on
the proximal and distal ends of da Vinci EndoWrist surgi-

cal tools. The proximal-end hardware drives the spindles
while simultaneously measuring position and torque of the
spindles. The distal-end hardware provides programmable
reaction torques to the jaw while simultaneously measuring the position and torque at the jaw. This allows for testing
multiple reaction torque levels at a variety of frequencies and
allows measuring reaction torque while the jaw is in motion.
A conceptual diagram of both distal- and proximal-end hardware is shown in Fig. 1a. Details of the distal-end hardware
can be found in [14]. Details of the proximal-end hardware
are included herein.
A rendering of the proximal-end hardware is shown in
Fig. 1b for clarity. This hardware consists of a pair of motors,
encoders, and torque sensors attached in-line with two of
the spindles on the da Vinci endoWrist. For this study, only
one spindle was driven at a time. The motors are DCX 19
S Maxon motors (Maxon Motor, Sachseln, Switzerland),
which are used to drive the spindles. Each motor has a 35:1
reduced backlash planetary gearhead. The motors are driven
by an ESCON Module 24/2 Servo Controller. The torque sensors are FUTEK TFF325 reaction torque sensors (FUTEK
Advanced Sensor Technology, Inc., Irvine, California) with
capabilities of measuring up to 1.4 Nm of torque; each torque
sensor is situated in-line with the spindle to accurately measure torque applied as the motor drives the spindle. The last
sensor on the proximal side is a CUI AMT 102 encoder
(CUI Inc., Tualatin, OR) with 8192 counts per revolution.
The encoder measures spindle position and is also utilized to
obtain an estimate of spindle velocity. These sensors placed
on the proximal end mimic the best-case scenario of sensor
streams potentially available on da Vinci robots and are used
for initial verification in finding an accurate estimation of
grip force and jaw angle when mapping measurements at the
spindle to the end effector of da Vinci tools.
A Teensy 3.5 microcontroller was used for all experimentation. The proximal- and distal-end data streams were
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synchronized for Experiments 1 through 4. The sensor data
streams were collected at 1 kHz and saved to a microSD
card. The entire dataset of time-synced proximal- and distalend measurements is provided as an open-source dataset to
further test and compare estimation techniques.1 The distalend torque measurements have a precision of 0.1 mN m, and
the distal-end encoder has a resolution of 0.09 degrees. The
torque precision was determined by taking 10,000 consecutive samples of the torque sensor in a motionless state and
calculating the corresponding standard deviation of these
measurements. The angle resolution was determined from
the encoder’s datasheet.
This hardware setup allows for full jaw range of motion
but does not currently allow testing of different wrist pitch
or roll angles. The spindles actuating pitch and roll degrees
of freedom were fixed in their nominal states with physical
restraints attached directly to the spindles at the proximal end.
This was done to avoid the near threefold variation in grip
force observed when changing between extreme postures as
reported by [18].

Artificial neural network
The neural network utilized in this work consisted of an input
layer, a hidden layer, and an output layer. This structure was
chosen due to Kolmogorov’s theorem, which states that any
continuous function can be represented arbitrarily well with
a single hidden layer [8]. The three nodes in the input layer
consisted of the following features measured by sensors on
the proximal end: motor position, motor velocity, and motor
torque. These nodes were interconnected with the single hidden layer, which was comprised of 30 nodes. The number
of nodes in this hidden layer was determined by iterating
across several network sizes (5–60 nodes) and found that
there were diminishing returns after 30 nodes. The hidden
layer nodes were interconnected with a single-output node.
Two separate types of neural networks were trained for simplicity and reduction in training time during development:
one with end-effector torque as the output feature and one
with end-effector position as the output feature. An alternative approach could be to train a single multi-output neural
network as opposed to multiple single-output networks. A
potential benefit to the multi-output neural network could be
parameter sharing within the input layer; this could lead to
improved accuracy if the angle and force estimates share a
common underlying representation trying to be learned. This
work did not analyze the multi-output network and remains
a possibility for future work.
All input and output features were normalized using min–
max normalization as a preprocessing step and randomized
1 The full dataset is hosted at https://github.com/MRDLab/mis-toolcharacterization.
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to remove patterns within the dataset. The activation function at the hidden layer was a log-sigmoid transfer function,
and the activation function at the output layer was a purely
linear transfer function. The training method was Bayesian
regularization backpropagation [7,21] as implemented in the
MATLAB Neural Network Toolbox (The MathWorks, Inc.,
Natick, Massachusetts). The training data were collected
using the aforementioned hardware with the sensors on the
proximal and distal sides as described. For each trained neural
network, datasets were randomly partitioned into five equally
sized folds to preform five-fold cross-validation.

Dataset
For each network, the input features were position, velocity,
and torque as acquired on the proximal end. Position was run
through a low-pass Butterworth filter (5th order, 50 Hz cutoff
frequency) to smooth out discretized encoder data. Velocity
was found by implementing a noise-robust numerical differentiation method as described by Holoborodko (11th order,
non-causal numerical differentiator) [9]. The training data
consisted of 20-s sinusoidal grasp trajectories with pairwise
combinations of five frequencies ranging from 0.1 to 0.5 Hz
and four resistive torques ranging from 5 to 55 mN m.
The selected frequency range was determined by encapsulating the range of jaw velocities found within an existing
database of laparoscopic tasks collected using the electronic
data generation and evaluation (EDGE) device [16]. This
database consisted of 124 subjects across eight academic
urology training programs in the USA with a total of 454
recordings on tasks such as peg transfer, pattern cutting,
suturing, and clip applying tasks. For the surrogate tissue
manipulation tasks (peg transfer and pattern cutting), the max
jaw velocity averaged across all users was 0.7±0.2 rad/s. Our
training dataset included velocities which reached a peak of
nearly 1.4 rad/s, which is well sufficient to encapsulate realistic jaw velocities as measured in surgical training tasks.
The resistive torques were applied by sending a constant
current command to the distal-end motor to guarantee the
torque sensor did not lose contact with the jaw, and therefore
provide continuous measurements. The four current levels
were commanded as constant values, but the torque values
were allowed to fluctuate corresponding to changing tool
dynamics throughout the trajectory. This was seen as a benefit
as we were able to span a wider range of torque values to fill
out the training set. The maximum torque value reaches a
peak of approximately 5.5 Newtons as computed from the
fixed 10-mm lever arm. These grip force/torques fall within
the range of measured da Vinci tool grip forces as reported
in the literature [22].
The error between the testing data (y) and neural network
estimate ( ŷ) is computed in two different approaches: mean
absolute error (MAE) as defined in Eq. 1 and root mean
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square error (RMSE) as defined in Eq. 2. These two error
metrics are reported in each table
T f
MAE =

t=1 | ŷt

− yt |

Tf

,


 T f 
2

 t=1 ŷt − yt
RMSE =
.
Tf

(1)

(2)

Additionally, to generate boxplots the error is computed at
each time step by computing the difference between the estimate and the measured value (i.e., ŷt −yt ). The absolute value
is intentionally omitted to preserve the sign of the difference
to visually determine whether the error is zero mean. Boxplots are created with the middle line representing the median
value in the dataset. The bottom line of the box represents
the 25th percentile (q1 ) and the top line of the box represents
the 75th percentile (q2 ) of the data. The whiskers extend to
the smallest and largest data points which are not considered
outliers. Data points are considered outliers if they fall below
the threshold (γ − ) in Eq. 3 or above the threshold (γ + ) in
Eq. 4. Outliers are plotted with a dot symbol
γ − = q1 − 1.5(q3 − q1 )
γ

+

= q3 + 1.5(q3 − q1 ).

(3)
(4)

Experiment 1: Baseline
Experiment 1 establishes a baseline of using a neural network
to predict grip force and jaw angle for a single frequency
on a single tool. This represents a best-case scenario for
estimation. The tool used was the left jaw of a Maryland
Bipolar Forceps tool. For convenience, other standard regression techniques which have not previously been used within
the literature for grip force estimation are also presented for
comparison. The regression techniques tested include decision trees, bagged trees, random forests, and support vector
machines. Gaussian process regression, which was used in
[19], was not used in this comparison, but the results of that
work will be compared to our results later as part of the
discussion section. For each of these regression techniques,
several parameter values were tested to provide a more general comparison.
For this experiment, all five frequencies were used independently to train each of the regression models. For each
frequency, five-fold cross-validation was performed. For
each fold, the designated test data, which were not used in
the training process, were run through the regression model
and averaged to provide estimates of end-effector position
and torque.
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Experiment 2: Leave-frequency-out
For all remaining experiments, neural networks were used as
the only regression model to examine training conditions.
To test the generalizability of the neural network approach
for frequencies not present in the training data, a leavefrequency-out cross-validation study was performed across
each frequency. Five separate neural nets were trained leaving out an entire frequency each time. The designated test
data consisted of all five folds of data from Experiment 1,
corresponding to the left-out frequency.
Since all five frequencies were used, this provided two
examples of extrapolation (the end points of 0.1 Hz and
0.5 Hz) and three examples of interpolation.

Experiment 3: Leave-jaw-out
The next experiment was conducted to test whether a single
neural network can be applied successfully to both right and
left jaws without retraining. This constituted a leave-jaw-out
cross-validation study. First, the right jaw’s data streams had
to be transformed into the left jaw’s coordinate system by
reflecting about the origin.
The left jaw’s data were run through a neural net trained
on the left jaw’s training data (labeled as same), as well as a
neural net trained on the right jaw’s training data (labeled as
opposite) for each of the five randomly partitioned folds. The
right jaw’s data were also tested against both neural nets for
each of the folds. The experimental data labeled as same also
provide a baseline estimate of how the neural net performs
when trained on all training data from a specific jaw.

Experiment 4: Leave-tool-out
This experiment utilized the datasets from two different tools.
Both tools were Maryland Bipolar Forceps tools of a similar
age and use level. For simplicity, the inter-tool comparison
utilized only the left jaw. The first tool’s test data were run
through a neural net trained on the first tool’s training data
(labeled as same), as well as a neural net trained on the other
tool’s data (labeled as opposite) for each of the five randomly
partitioned folds. The other tool’s test data were also tested
against both neural nets for each of the folds.

Reliability criteria determination
Reliability criteria are the determined training conditions
which we propose that were found to produce an estimation
with considerably lower root mean square error (RMSE). The
reliability criteria were determined post hoc after conducting the four experiments outlined. Throughout the paper, an
asterisk was used to mark conditions which fell within the
reliability criteria. This asterisk was applied to the plots and
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Fig. 2 Diagram of case study
setup
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Fixed Plate
Tissue
Phantom

Table 1 Jaw angle and torque estimation error across several standard
regression techniques and parameters
Regression method

RMSE
(deg)

RMSE
(mN m)
0.71

Neural network (1 hidden layer, 30 nodes)

0.08

Active Jaw

Decision tree (leaf size = 4)

0.22

0.48

Fixed Axis

Decision tree (leaf size = 12)

0.23

0.59

Decision tree (leaf size = 36)

0.25

0.78

Bagged trees (no feature bagging, leaf
size = 4)

0.12

0.37

Bagged trees (no feature bagging, leaf
size = 12)

0.13

0.46

Bagged trees (no feature bagging, leaf
size = 36)

0.14

0.63

Random forest (feature bagging = 2, leaf
size = 4)

0.11

0.33

Random forest (feature bagging = 2, leaf
size = 12)

0.12

0.40

Random forest (feature bagging = 2, leaf
size = 36)

0.15

0.56

Support vector machine (linear kernel)

0.02

4.3

Material response case study

Support vector machine (quadratic kernel)

0.02

2.0

Support vector machine (cubic kernel)

0.02

3.3

To evaluate the efficacy of our estimation technique and reliability criteria, a case study was set up to compare two different
synthetic tissue’s torque–displacement curves between two
approaches: proximal-end sensors with estimation from the
neural net and distal-end sensors at the jaw.
The proximal-end measurements were collected across
the same frequency range and for the same duration as Experiment 1, which resulted in 30 total grasps. The neural network
used to estimate force and jaw angle from these proximal
measurements adhered to the reliability criteria. The distalend measurements were taken by affixing a da Vinci tool
jaw directly to the distal-end torque sensor and actuating the
grasp via the distal-side motor. The cables of the da Vinci
tool were cut to allow the jaw to rotate freely without backdriving the entire cable–pulley system. The motor command
was slowly ramped up to 100% over 20-s while measuring
position and torque.
This setup provided equal comparison of jaw grasping
area between both data collections for fair comparison of
torque–displacement curves. Additionally, our technique to
estimate torque makes this experimental setup tool-agnostic,
as any da Vinci tool could be used as long as a proper neural
network is trained. For this work, we trained on a Maryland
Bipolar forceps and used it for the case study because of the
widespread use of this tool. For each data collection, only one
jaw was used, compressing the phantom between the jaw and
a fixed plate. The test setup is depicted in Fig. 2.
All 30 grasps from the proximal end were averaged by
fitting a second-order polynomial to the data and reported
with the corresponding 95% confidence interval.

Support vector machine (fine Gaussian
kernel)

0.03

0.99

Support vector machine (medium Gaussian
kernel)

0.02

1.1

Support vector machine (coarse Gaussian
kernel)

0.02

1.8

tables in the results section in post once determining these
criteria. The post hoc analysis consisted of finding clear separation between the RMSE between experimental conditions;
the conditions with lower RMSE were considered to be part
of the reliability criteria.
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Results
Experiment 1 results: Baseline
The results comparing standard regression techniques are
given in Table 1. Random forests resulted in lowest RMSE for
torque estimation (0.20 mN m). Neural networks resulted in
slightly higher RMSE, and SVM methods produced the highest RMSE across all kernel selections. Conversely, for jaw
angle estimation SVM methods resulted in the lowest RMSE
(0.02 degrees), with neural networks than decision tree-based
methods (decision tree, bagged tree, and random forest)
producing higher RMSE. The decision tree-based methods exhibited an undesirable frequency-dependent error.
These approaches performed very well at low frequencies
(0.1–0.2 Hz), but exhibited significant drop-off at higher frequencies (0.4–0.5 Hz). Neural networks did not exhibit any
frequency-dependent degradation of performance.
Specifically for neural networks, the average RMSE
across all frequencies in Experiment 1 was 0.08 degrees and
0.71 mN m. For perspective, the average angular operating
range spanned 52 degrees and output an average torque load
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Table 2 Jaw angle and torque
cross-validation results, where
an asterisk represents
experimental conditions
considered to be a part of the
reliability criteria
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Jaw angle estimation (deg)
MAE

95th%

Torque estimation (mN m)
RMSE

MAE

95th%

RMSE

Exp 1 Baseline*

0.06

0.15

0.08

0.51

1.37

0.71

Exp 2 Interpolation*

0.43

1.16

0.56

1.24

3.90

1.92

Exp 2 Extrapolation

1.04

3.87

1.64

4.29

19.8

7.21

Exp 3 Same*

0.09

0.23

0.13

0.65

1.85

0.96

Exp 3 Opposite

5.63

6.75

5.75

7.97

11.6

8.73

Exp 4 Same*

0.10

0.25

0.14

0.65

1.88

1.01

Exp 4 Opposite

4.97

6.16

5.05

6.75

11.3

7.67

Fig. 3 Experiment 2: Leave-frequency-out cross-validation results. For
each frequency N = 26,868 time samples on average. An asterisk represents experimental conditions considered to be part of the reliability
criteria

Fig. 4 Experiment 3: Leave-jaw-out cross-validation results. For each
jaw N = 134,869 time samples on average. An asterisk represents
experimental conditions considered to be part of the reliability criteria

Experiment 3 results: Leave-jaw-out
of 32 mN m across all experimentation. The MAE, 95th percentile of MAE, and RMSE for this experiment and all other
experiments are reported in Table 2.

Experiment 2 results: Leave-frequency-out
The grip force and jaw angle signed errors for Experiment 2
are reported in Fig. 3. The top plot shows error in jaw angle
estimation, and the bottom plot shows error in grip force
estimation. Extrapolation outside of the training frequencies
led to a larger magnitude of errors than interpolation within
the training frequencies. For jaw angle, the worst result was
extrapolation to 0.1 Hz with an RMSE of 2.66 degrees. For
torque, the worst result was extrapolation to 0.5 Hz with an
RMSE of 8.86 mN m.

For the comparison of the left and right jaws of the same tool,
when training on one jaw and testing on the other, the overall
average RMSE in angle was 5.75 degrees and in torque was
8.73 mN m. This is compared with an average RMSE of 0.13
degrees and 0.96 mN m for each jaw trained on itself. The
jaw comparison is shown in Fig. 4.

Experiment 4 results: Leave-tool-out
For the comparison of two different tools, when training on
one tool and testing on the other, the overall average RMSE
in angle was 5.05 degrees and in torque was 7.67 mN m.
This is compared with an average RMSE of 0.14 degrees
and 1.01 mN m for each tool trained on itself. The tool comparison is shown in Fig. 5.
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True
Exp1*
Exp2*
Exp3
Exp4

Jaw Angle (Deg)

60
50
40
30
20
10

10.2

10.4

10.6

10.8

11

10.8

11

Time (Seconds)

Torque (mNm)

-10
-15
-20
-25
-30
-35

Fig. 5 Experiment 4: Leave-tool-out cross-validation results. For each
tool N = 134,749 time samples on average. An asterisk represents
experimental conditions considered to be part of the reliability criteria

Time-series results
For visual comparison between the four experiments, a onesecond sample from the time-series data was extracted from
the 0.3 Hz data and run through each of the experiments.
This is shown in Fig. 6, where the front-end sensor values
(true value) are compared with the estimates from four different neural nets, corresponding to the four experiments:
Experiment 1: Baseline, Experiment 2: Leave-frequency-out
interpolation, Experiment 3: Leave-jaw-out opposite, and
Experiment 4: Leave-tool-out opposite.

-40
10

10.2

10.4

10.6

Time (Seconds)

Fig. 6 Sample time series for each experiment taken from the 0.3 Hz
dataset over a 1-s duration. The legend applies to both plots and is clarified as follows: Exp1 = Baseline, Exp2 = Leave-frequency-out interpolation, Exp3 = Leave-jaw-out opposite, and Exp4 = Leave-tool-out
opposite. An asterisk represents conditions which met the reliability
criteria

Reliability criteria results
The post hoc analysis of determining the separation line
between RMSE values which fall in and out of the reliability
criteria is shown in Fig. 7. The separation line for the reliability criteria was conservatively established at 4 mN m and
1 degree. The experimental conditions which met the reliability criteria include Experiment 1: Baseline, Experiment
2: Leave-frequency-out interpolation, Experiment 3: Leavejaw-out same, and Experiment 4: Leave-tool-out same. The
aggregated results comparing conditions which fell within
and outside our criteria are shown in Fig. 8.

Fig. 7 Post hoc analysis to find separation in RMSE values for reliability criteria. The experimental conditions which fall below the line are
considered within the reliability criteria and have been marked with an
asterisk throughout the paper

synthetic tissues. The grasp starts at the upper right, at zero
torque and zero angle, and proceeds leftward and downward.

Case study results

Discussion

The torque–displacement curves from all three measurement
methods are shown in Fig. 9. The direct jaw measurement
values stayed within the 95% confidence interval for both

The baseline experiment (Experiment 1) compared several
different regression methods for the estimation of grip force
and jaw angle. No single method performed best for both
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Fig. 8 Comparison of aggregated errors with and without our reliability criteria. The asterisk marks conditions within our reliability
criteria which consists of Experiment 1: Baseline, Experiment 2: Leavefrequency-out interpolation, Experiment 3: Leave-jaw-out same, and
Experiment 4: Leave-tool-out same for a total of 598 test grasps resulting in N = 757,997 time samples. For the data outside our reliability
criteria, there were 472 test grasps resulting in N = 589,153 time
samples

Fig. 9 Case study results for synthetic tissues with 95% confidence
interval band around neural net fits with N = 30 grasps. Initial contact
is at zero degrees with decreasing jaw angle representing a closing grasp

jaw angle and torque estimation. In regard to torque estimation, which is the more difficult prospect, the neural networks
performed well, but did not produce the lowest RMSE on
average. The SVM methods all performed worse than neural
networks irregardless of the kernel selected. The ensemble
methods utilizing decision trees (bagged trees and random
forests) as well as decision trees alone resulted in lower
RMSE, and it may appear that they are the superior method.
However, a closer inspection of the results indicates that these
methods involving decision trees all performed very well at
the low frequencies (0.1–0.2 Hz), but saw significant dropoff at the higher frequencies (0.4–0.5 Hz). Considering that
a main contribution of this work was to investigate the effect
of variable training frequencies (Experiment 2), we decided
to proceed with neural networks as the chosen estimation
technique, as they performed more consistently, albeit at a
slightly higher RMSE. Additionally, our previous work [15]
utilized a similar neural network architecture which is useful
for comparison.
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Utilizing the reliability criteria, the neural network accurately estimated grip force (1.04 mN m RMSE) and jaw angle
(0.17 degree RMSE) as depicted in Fig. 8. The criteria we
proposed for a reliable estimate include testing on the same
tool, the same jaw, and at a frequency which falls within the
range of training data. The separation of RMSE values as
detailed in Fig. 7 helped determine these criteria. A more
thorough discussion of the implications from each experimental training condition is included sequentially as part of
this discussion.
As shown in Experiment 1, the estimation with neural
networks worked very well when trained and tested at specific frequency levels (RMSE: 0.08 degrees and 0.71 mN m).
As expected, this situation represents the best-case scenario:
train the neural network at a given frequency and operate the grasper at the same frequency. Our grip force error
results compare favorably to previously reported data-centric
approaches. For comparison, the results from [19], which utilized GPR, yield an average error of 0.07 N for grasps with
a peak grasping force of roughly 1 N. Our approach, when
converted into force units, resulted in an RMSE of 0.07 N
for grasps with a peak force of approximately 5.5 N. Our
estimation errors were equivalent to the GPR approach even
though the nominal grasping forces used in our experimentation were higher. Although it is not always possible to restrict
grasping in practice to a specific frequency, there are applications where this is feasible. One example is in measuring
torque–displacement curves from in-vivo or in-situ tissues.
Experimentation could be conducted where grasping is performed on these tissues at a programmed frequency which is
consistent with the frequency of the training data.
Experiment 2 results provide insight on the efficacy of
this estimation in cases where it may not be possible to
restrict grasping frequencies to a single frequency. The leavefrequency-out analysis showed that grasping at frequencies
which were interpolated within the training data was feasible
(RMSE: 0.56 degrees and 1.92 mN m). However, grasping
at frequencies which were extrapolated outside the training data resulted in poorer estimation (RMSE: 1.64 degrees
and 7.21 mN m). This establishes bounds on the operating
ranges which grasping can most accurately be performed;
the bounds are the lowest and highest frequencies present
in the training dataset. Automated surgical subtasks could
practically be implemented over a known frequency range
and benefit from this estimation by training on data encapsulating the operating frequencies. Additionally, this estimate
could be useful in haptic implementation, by either limiting the frequency of grasping or by only providing estimates
when grasping is conducted within the bounds of the training
dataset.
Experiment 3 results highlighted the inaccuracies in using
the opposite jaw’s model for estimation (RMSE: 5.63 degrees
and 8.73 mN m). This suggests that it is important to train sep-
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arate neural networks for each jaw if both jaw estimates are
needed. These data strongly suggest avoiding assumptions
of symmetry between jaws, as the variance between jaws for
a given tool is even larger than the magnitude of variance
between two tools (compare Figs. 4, 5).
Experiment 4 results illuminate some possible limitations worth considering when applying this estimation
technique. The leave-tool-out experiment resulted in higherthan-normal estimation errors (RMSE: 5.05 degrees and
7.67 mN m). This becomes pertinent for applications which
perform tasks across multiple tools (e.g., performing consecutive surgeries with different tools or switching tools during
surgery). There are a few potential solutions to rectify this
estimation approach even if multiple tools are required.
The first potential solution is to retrain a tool at least one
time before it is ever used. The training process could feasibly be accomplished with the tool attached to the da Vinci
robot with the aid of a portable calibration device, such as the
distal sensing unit used in this experimentation and explained
in [14]. The training process is non-trivial, but achievable in
the workflow of surgical setup, as the total training time for
this experimentation was less than 7 min for non-optimized
implementation. A second alternative is unverified, but we
hypothesize that a single, representative tool model may be
used in conjunction with a minor calibration routine specific
to each tool to account for offsets in the estimation. This
minor calibration would be far less extensive than retraining
an entire neural network. As seen from the results of Experiment 4, the estimation error in the leave-tool-out study is
non-mean, yet the errors are still Gaussian with a comparably small standard deviation. We postulate that there may
exist an approximately linear offset that is inherent to each
tool which can be subtracted from the estimate to provide an
adjustment to real jaw angle and force measurements. For
example, this is shown in Fig. 6 where an offset of approximately 5 degrees would provide a significantly better fit for
Experiments 3 and 4. This offset may be due to something
unavoidable such as manufacturing discrepancies between
tools.
The case study was accurate in estimating torque–
displacement curves of two synthetic tissue phantoms relying
on proximal sensors alone when applying the neural net. The
estimate and associated confidence bounds also increasingly
separated as the grasper closed. This allows the two synthetic
tissues to be differentiated with monotonically increasing
confidence for possible applications of tissue identification.
This case study also highlights the potential for obtaining
in vivo or in situ tissue measurements. Equipping surgical robotic tools with the capability to accurately estimate
forces at the tool–tissue interface could potentially provide
a wealth of in-vivo or in-situ measurements, since surgical
robots interact with patients daily. The mechanical properties
of healthy and diseased tissue could additionally be collected
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and characterized to improve surgical simulators for more
effective and realistic training.
Future work pertaining to this research falls into two main
categories: (1) improving and verifying extensibility of the
estimation technique and (2) testing applications and other
case studies with the estimation in place. For the first category, our future work consists of training the neural network
with commanded current instead of measured torque, training
on a wider range of torques and frequencies, as well as modifying the hardware to allow training on combinations of roll,
pitch, and yaw angles. The extension to incorporating roll,
pitch, and yaw is not trivial as the input spindles are not completely decoupled. This will likely require additional sensors
at each spindle and contribute to a larger feature space for
training. Additionally, the decision tree-based methods, particularly the ensemble methods of random forests and bagged
trees tested in experiment 1, merit further investigation. As
mentioned, these methods exhibited a drop-off in accuracy at
higher frequencies, but it is worth determining if they can be
used to hone in on a better estimation technique, especially
for grip force estimation. An investigation of GPR is also left
for future work, as this work only compared our results to
existing literature which utilized GPR.
Future work pertaining to the second category includes
testing real-time use of the torque estimates for haptic feedback, as well as obtaining torque–displacement curves of
tissues in vivo. Future testing on both human and synthetic
tissues would enable a tissue measurements database which
is valuable for surgical simulator design. For all future work,
the reliability criteria separation line set at 4 mN m and 1
degree will allow for a benchmark for comparison.

Conclusion
In summary, the estimation of grip force and jaw angle using
a neural network is reliably accomplished given the following conditions: train and test on each jaw, on the same tool,
and at a frequency that falls within the bounds of the training
data. These conditions resulted in 1.04 mN m and 0.17 degree
RMSE for grip force and jaw angle, respectively. Future studies toward an accurate grip force measurement for the da
Vinci robot grasper may provide a new dimension for understanding, modeling, and augmenting tissue–tool interactions
during surgery and surgical training.
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