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Abstract

We present a novel application of a neural network to
augment manual precision by canceling involuntary
motion. This method may be applied in microsurgery,
using either a telerobotic approach or active compensation
in a handheld instrument. A feedforward neural network is
trained to input the measured trajectory of a handheld tool
tip and output the intended trajectory. Use of the neural
network decreases rms error in recordings from four
subjects by an average of 43.9%.

1 Introduction

Various error components are inherent in human hand
motion. Involuntary hand motion hampers microsurgery,
particularly in the ophthalmological field [1]. Suppression
of involuntary movement would improve microsurgical
practice and enable manipulation of smaller tissue sites [2].
The two approaches available for this application are
teleoperation and active noise control. In the teleoperative
scenario, the human operates a master interface.
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12 Hz regardless of limb inertia. Its detrimental effect on
microsurgery has been known for many years [2, 7].
Several techniqgues have been developed for tremor
suppression, though most have focused on pathological
tremor. Riley and Rosen [8], among others, have
investigated lowpass filtering. Gonzattal [9] proposed

an equalizer to suppress pathological tremor. Ridted.

[5] developed an adaptive filter to cancel physiological
tremor during surgery, using an artificial frequency-
modulated sinusoid as a reference. However, other
significant sources of error, including jerk [1] and drift, or
low-frequency error [10], have yet to be substantially
suppressed. Since little is known about these components,
and since reference signals, e.g., for adaptive noise
canceling, are unavailable, suppression is difficult.

Neural networks model nonlinear processes well, and
much research in nonlinear control has focused on their use
[11]. Though little is known about the mapping from
sensory input to human control output, it is known to be
nonlinear [12]. Neural networks have therefore recently
een use in modeling of human control strategies [13, 14].

signals from this master are processed to drive a slave g explicit system model is available, but none is required,

manipulator, which performs the surgery. If error can
somehow be distinguished from intended motion, it can be
removed from the drive signal sent to the slave.
Telerobotic microsurgical systems currently under
development include those of Huntet al [3] and
Schenkert al [1]. In the active noise control approach,
actuation is built into the handheld surgical instrument to
perform error compensation, as in the development work of
Bose et al [4] and the experimental investigations of
Riviereet al [5]. In both cases, error must be distinguished
from intended motion before error canceling can occur.
This requires real-time error estimation.

The most frequently discussed component of
involuntary motion is tremor. Tremor is any involuntary,
roughly sinusoidal movement [6]. Though pathological
tremor due to disease is more widely known, there is
inherent in all human hand motion a small component
known as physiological tremor.  Physiological tremor
contains both a component dependent on limb mechanical
properties, and a neurogenic component that is roughly 8-

since neural networks learn their own mappings by
observing input and output.

The multiplicity of involuntary hand motion
components, and the paucity of knowledge about
components such as drift [10], make a neural network
approach well suited also to modeling of human movement
error processes. Since unnecessary complexity can
increase modeling error, it is desirable to use the simplest
feasible neural network for a given task. This makes
constructive methods ideal. @ The cascade learning
architecture is one such method [15]. Nechyba and Xu [14]
have observed that since the cascade architecture allows
automatic selection not only of parameters within a model
but also of the model functional form itself, it is ideal for
modeling of human control strategies, with their unknown
underlying structure. Much the same may be said of the
motion error processes that accompany these human
systems. We therefore present a study of the use of a
cascade neural network for noise canceling in human hand
motion.



Though the experiments presented here focus on experiment had one output node, ten hidden nodes, and 100
surgery, the concepts demonstrated are directly relevant toinput nodes in a tapped delay line configuration, with 250
a wide range of applications, including piloting of aircraft, Hz sampling.
human-guided weapon delivery systems, and manipulation

g Extended Kalman filtering (EKF) was used for
and assembly of small parts and devices.

learning in the neural network. EKF is an extension of the
2 Neural network technique familiar Kalman filter [16] to deal with nonlinear systems
via linearization about the current parameter estimates

The cascade learning architecture is a constructive . . :
neural network algorithm [15]. The basic cascade network .[17]' When EKF s used to train a neural network, learning

. L - . is viewed as an identification problem for a nonlinear
structure is presented in Fig. 1. When training begins, the . .
: . ; dynamic system [17]. The neural network weights
network has no hidden nodes, only linear connections

. X L represent the state of the nonlinear system. The EKF
between input and output nodes. During training, each : . ; .
. . theory is then used to derive a recursion for the weight
time the error performance stagnates, according to a

predetermined threshold, a new hidden node is added,UpdateS [17]. This method offers greaﬂy improved
: . . convergence results over backpropagation, but the

subject to a preset maximum number of hidden nodes. As . : : I

: . . computational load is considerable. The variation of EKF
each new hidden node is generated, multiple parallel :

. o . . used here is the node-decoupled EKF (NDEKF) of
transfer functions are temporarily implemented, including .
. . . . . . Puskorius and Feldkamp [18], who demonstrated that the
sigmoids, sinusoids, and Bessel functions, and their

performance is monitored in order to select one for network weights can be grouped such that for each group,

. . .. elements of the error covariance matrix estimate
permanent use. Each hidden node has connections with

each previous hidden node, and with all input and output ;ﬁ;ﬁzpvsgflﬁg :8 géﬁe:sgt Séosnpi tf:r:e?jeblgzg(rjeed. rl,-gtlls
nodes. The total number of connections is [14]: g group y 9 y

reducing the computational complexity. Full details
MmN+ (M) +(Np-1)n 2.

regarding the algorithm may be found in [18].
The number of input and output nodes and the

maximum allowable number of hidden nodes are fixed 3 Experimental methods

before training begins. The neural network used for this Recordings of the hand motion of ophthalmologic
_ surgeons [19] were made available by Prof. R. S. Rader of
The Johns Hopkins University. Each surgeon held a
microsurgical instrument with the tip inserted in a
I output sclerotomy in the eye of a mannequin face. A Hall effect
sensor mounted inside the mannequin eye detected the
] hidden position, in one dimension, of a 0.26 g permanent magnet
. mounted on the tip of the instrument. Data were recorded
Input for 16 s. The original sampling frequency of 1 kHz was

downsampled to 250 Hz for this study. A total of 15 files

were obtained from four surgeons (5, 5, 3, and 2 files,
respectively). The surgeons attempted to hold the
instrument motionless for the duration of each test,

therefore any motion in these recordings is considered to be
error.

To evaluate the ability of the cascade neural network to
perform error canceling with these data, pseudo-voluntary
motions were generated, to be added to the recorded error
data. Gaussian white noise sequences were generated and

Figure 1: Diagram of the cascade neural network then lowpass filtered with a 1 Hz cutoff frequency, using a

architecture. The diagram shows a network with three  sixth-order Butterworth filter. Two such data sets were
hidden nodes. As each hidden node is added, it is created, one for neural network training and one for testing.
connected to the input and output nodes, as well as each of The training pseudo-voluntary motion was added to one
the preceding hidden nodes. The transfer function of each file from each surgeon, and the testing pseudo-voluntary

hidden node is determined by temporary competition ~ motion to each of the remaining files.

among a set of candidate functions, such as sigmoid, Separate neural networks were used for each of the
sinusoidal, and Bessel functions. four surgeons. For each surgeon, a cascade-architecture




neural network, using extended Kalman filtering for shownin Table 2. Since surgeon 4 had only one testing file,
learning, was trained using the training data file described no standard deviation was calculated. Table 3 displays the
above. The remaining data files from each surgeon weremean percentage reductions in rmse, where the rmse
used for testing of the trained network. The root-mean- reduction for each test file is taken as a percentage of the
square error (rmse) with respect to the pseudo-voluntary raw rmse for that file. The average rmse after error

motion was calculated for each file, both before and after canceling of all testing files was 0.041 mm.

processing by the neural network. Figure 2 displays a sample test result. The solid line
The cascade network trained for each surgeon was alsoshows the pseudo-voluntary motion. The dashed line
tested a second time on the same data but with zero pseudoshows the sum of the pseudo-voluntary and recorded hand
voluntary motion. This was done to provide an indication motion error files. This represents the input to the trained
of network performance during extremely slow voluntary neural network. The neural network output, estimating the
motions, such as are common during microsurgery. human error component, is subtracted from the input signal
4 Results to obtain the filtered output, shown by the dotted line. The

filtered output is visibly closer than the raw input to the
The neural network decreased the rmse with respect to pseudo-voluntary motion.

the pseudo-voluntary motion for all the testing data files. 02
The average raw rmse of the testing data files was 0.076
mm. Table 1 presents the raw rmse for the files of each
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surgeon. o1l
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Table 2: Reduction in rmse Figure 2: Results from one testing data file. The solid line

shows the pseudo-voluntary motion, generated by lowpass
filtering white noise at 1 Hz cutoff frequency. The dashed
line represents the network input for the test, obtained by

std. dev.

Surgeon mean (mm) (mm)

1 053 013 adding one of the recorded hand motion error files to the
pseudo-voluntary motion. The dotted line indicates the
2 020 005 filtered version of the data. The network estimates the
3 015 005 human error component from the input data, and this is
subtracted from the network input signal to obtain the
4 066 ) filtered signal.
Table 3: Percent reduction in rmse Table 4: Reduction in rmse, zero voluntary motion
0,
Surgeon mean (%)| std. dev. (%) Surgeon mean (mm) std. dev.
(mm)
1 48.5 2.8
5 429 36 1 .053 .013
3 328 18 2 .020 .005
2 516 i 3 .010 0
- _ 4 .069 -
Error canceling via cascade neural network decreased

the rmse of the testing data files by the mean amounts



The neural network also decreased the rmse of the rawcharacterize these entities and determine whether long-
error testing files, i.e., the testing data with no pseudo- term canceling based on one-time training is realistic.
voluntary motion added, as shown in Table 4. Table 5 As trained in this experiment, the neural network
presents the mean percentage reductions in rmse for eactyenerated a certain amount of high-frequency noise, in the
surgeon in this zero-voluntary-motion case. The rmse vicinity of 10 Hz. This is visible in the filtered output
reduction for each test file is taken as a percentage of theresults in Fig. 2. This noise created a lower bound on rmse,
raw rmse for that file. The average rmse of all testing files |imiting the attainable performance. All files used in these
after filtering in the zero-voluntary case was 0.043 mm.  experiments had a raw rmse of greater than 0.025 mm. The
Table 5: Percent reduction in rmse, zero voluntary motion System was also tested on several files with raw rmse of
0.025 mm or less, and in each case the final rmse was

Surgeon mean (%)| std. dev. (%) greater than the initial, owing to this high-frequency noise.
Improving this behavior of the trained network is an aim of

1 48.7 13 ongoing research.
2 48.6 9.3 Another option for error canceling is the development
3 513 30 of a hybrid system combining of the neural network with
the weighted-frequency Fourier linear combiner (WFLC)
4 54.0 - of Riviere and Thakor [22]. The WFLC is an adaptive filter

designed for suppression of physiological tremor during
microsurgery. It successfully cancels tremor, but by its
The results show the feasibility of the basic approach nature does not account for lower-frequency components
of neural network error canceling in human-machine of error. A hybrid system potentially could suppress tremor
control. The results in Tables 4 and 5, for the case of zerousing the WFLC, and other, mostly lower-frequency,
voluntary motion, demonstrate that the method used to components of error using a cascade neural network as
train the cascade neural network is also effective in the presented here. Such a hybrid would likely be capable of a
commonly encountered situation of very slow voluntary degree of surgical accuracy unattainable by either system
motion. Performance in this case would likely improve operating alone.
With additional training of the network on a wider variety g =onclusion
of input data. Further study of the nature of voluntary
motion is warranted in order to determine the best way to The feasibility of hand motion error canceling using
represent it for the purpose of training the neural network. & cascade neural network trained via EKF has been
Among the strengths of this method is its generality. It demonstra_ted._ L_Jsmg a small training data set, the network
is not limited as to the type or number of error sources !earns to d|scr|m|na_te betvvet_a_n error and ot_her components
(tremor, low-frequency error, etc.) it can cancel. One of its n humgn hand motion. Posmon accuracy in microsurgery
primary drawbacks is that it is not adaptive, i.e., training can be improved by the mcorporatl_on of such a te(_:hmque.
must be done off-line. How much this detracts from the T_he mgthqd pr_es_ented may t.)e ”.“p'emef“ed either for
practicality of the approach remains to be seen. One-time signal flltenng within a tele_robotlc m|_crosurg|cal system or
training for permanent use may be feasible, if subjects’ for active noise control with an active handheld surgical
error patterns are found to be stationary. A more likely Instrument.
option is retraining the network for a short duration at Acknowledgments
regular intervals, e.g., monthly, using new data recorded  'hankstoR.S. Rader for providing data and Y. Xu and
from the user. M. Nechyba for software.
Recent studies of physiological tremor have This paper is a corrected version. The results in the

characterized it as a linear stochastic process [20]. Long- Published version were in inches, but were erroneously
term canceling of tremor based on one-time training of a labeled as mm.
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