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Abstract. In earthworms, traveling waves of body contraction and elongation
result in soft body locomotion. This simple strategy is called peristaltic loco-
motion. To mimic this kind of locomotion, we developed a compliant modular
worm-like robot. This robot uses a cable actuation system where the actuating
cable acts like the circumferential muscle. When actuated, this circumferential
cable contracts the segment diameter causing a similar effect to the contraction
due to the circumferential muscles in earthworms. When the cable length is
increased, the segment diameter increases due to restoring forces from structural
compliance. When the robot comes in contact with an external constraint (e.g.,
inner walls of a pipe) continued cable extension results in both slack in the cable
and inefficiency of locomotion. In this paper we discuss a probabilistic approach
to detect slack in a cable. Using sample distributions over multiple trials and
naive Bayes classifier, we can detect anomalies in sampled data which indicate
the presence of slack in the cable. Our training set included data samples from
pipes of different diameters and flat surfaces. This algorithm detected slack
within £0.15 ms of slack being introduced in the cable with a success rate of
75 %. We further our research in understanding reasons for failure of the
algorithm and working towards improvements on our robot.
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1 Introduction

During the crawling movements of the earthworms, sensory feedback provides the
animal with an ability to adapt to different types of environmental perturbations that
may occur [16]. The importance of sensory feedback for maintaining rhythmic
crawling motion has been established [7]. Mechanosensory organs and stretch, touch,
and pressure receptors are the feedback sources in earthworms [15]. Due to the flex-
ibility in the earthworm’s body, it is unable to sense its posture from only stretch
receptors [16]. However, the sensory input activities from the setae allows it to adapt to
its environment and crawl smoothly on rough surfaces.
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Many robots use cable actuation methods, like the Softworm [1-3], exoskeleton-type
robots [19], cable-actuated parallel manipulators [8] and cable-suspended robots [18]. In
our cable actuated robot, slack occurs in the cable when the robot comes in contact with an
external constraint. It is undesirable as it reduces the efficiency during peristaltic loco-
motion. Detection of slack allows us to sense external constraints, which allows the robot
to locomote efficiently. In this paper, our question is: can we recognize cable slack by
searching for anomalies in feedback measurements from the actuators?

Anomaly detection techniques traditionally detect irregularities in new data after
training on clean data [6]. Probabilistic approaches in predicting these anomalies have
been studied widely [6, 13]. We use a probabilistic model to detect if slack has been
introduced in our actuation cable to produce more efficient peristaltic locomotion [1] in
our worm-like robot.

2 Slack Detection in a Cable-Actuated Robot

A significant issue faced when using cables is that they allow actuation in only one
direction, i.e., a cable cannot be pushed. Initially, our Compliant Modular Mesh Worm
(CMMWorm) robot had a bi-directional actuation system [9]. There were two sets of
cables, one for circumferential actuation, (elongates the segment while making the
diameter smaller) and one for longitudinal actuation (reduces segment length while
increasing segment diameter). Due to nonlinear kinematics, the rate at which the
longitudinal cables are spooled in is not equal to the rate at which the circumferential
cables are spooled out. This difference in rates results in excess circumferential cable
being spooled out. To prevent this excess cable from tangling or causing uneven wear,
circumferential cable tensioning springs were required to keep the cable taut. Thus,
cable slack was avoided, but as a result of the antagonistic cables, the design had high
body stiffness.

For CMMWorm, Dynamixel MX-64T actuators are used. These actuators use PID
(proportional-integral-derivative) control. Load feedback measures the torque applied
by the actuator internally. We developed an open source library, DynamixelQ [12], for
the OpenCM9.04 microcontroller used by CMMWorm for communication with AX
and MX series Dynamixel actuators. It has been shown that the ability for a soft robot
to respond to sensed load of its surroundings can permit efficient navigation, e.g., in
narrowing pipes [4]. In the previous bi-directionally actuated iteration of CMMWorm
[9], we used load measurements from the actuators to detect the walls of the pipe. Load
measurements were sampled and then smoothed to filter noise using exponential
smoothing. The data was then compared to a threshold value based on load data
sampled. When a segment came in contact with the wall of a pipe the filtered load
increased and exceeded the threshold. This allowed the algorithm to stop any further
expansion of a segment.

In the current version of the CMMWorm (Fig. 1), only circumferential cables are
used for actuation. The longitudinal cables have been replaced by six springs along the
length of each segment such that, as the circumferential cable spools out, the springs
passively return the segment to the maximum diameter allowed by the circumferential
cable. In this simpler design, the spring stiffness need only be sufficient to restore the
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Fig. 1. The six-segment Compliant Modular Mesh Worm (CMMWorm) robot crawling through
a 20.3 cm inner diameter pipe. The linear springs that passively return the robot to its maximum
diameter are visible along the length of each segment.

segments to their initial maximum diameter. The design is more robust, however, without
the longitudinal cable, obstacle detection relies on detecting when the circumferential
cable goes slack, rather than detecting an increase in longitudinal cable tension.

By reconfiguring the robot to use only one cable (circumferential), we can improve
the mechanics of the motion (reducing cable friction losses, plastic deformation of the
mesh, and limitations on range of motion), but detecting contact becomes a challenge. As
the circumferential cable is pulled onto the spool, the diameter of a segment is constricted
due to the length of cable available. In the other direction, when the cable is unspooled,
the longitudinal springs expand the segment diameter as much as the increased cable
length allows. However, when a segment comes in contact with an external constraint,
such as that from the interior wall of a pipe, the segments stop expanding in proportion to
the cable length that is unspooled and the cable can become slack. This causes reduced
efficiency in responsive peristalsis that depends on accurate detection of contact [4].
Thus, a new way to control the segments of the robot was required.

It was observed that when the cable did experience slack, there was a small spike in
the load values being recorded by the actuator. These load values are noisy and change
based on the PID responses to cable tension. The small peaks due to slack can be
thought of as anomalies in the load data being obtained. Hence, we approached this
problem using a statistical probabilistic model. The problem then becomes to find the
probability of slack occurring in the system given the load value that has been mea-
sured. If sampled values are not within the measured distribution, there is a higher
probability that the segment has come in contact with an external force and the cable
has gone slack.

3 Methods

When working with the robot, the actuators are configured to use a position control
scheme. Position limits are specified and the actuator will rotate between these preset
limits for a specified number of rotations (three rotations allow each segment to move
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from maximum to minimum diameter). The actuators are run at their maximum speed
and with no torque limits. Load measurements gathered from an actuator, although
noisy, tend to spike when slack is introduced in the cable. This is analogous to lifting
an object using a cable; if the cable is cut, a short jerk is felt due to the sudden change
in tension. If it is possible to detect this spike within the noisy data, then it is possible to
determine that the segment has come in contact against an external obstacle and should
stop further expansion in order to avoid introducing slack.

To do so, a probabilistic approach is used to capture the occurrence of slack in each
segment of CMMWorm by measuring the distribution of load values in the cases of
slack and no slack. Load data is gathered from the actuators by expanding each segment
in different diameter pipes and visually observing when the cable becomes slack. Slack
is visually determined when the circumferential cable tensioning springs return to their
equilibrium state. We then ensured that the segment was anchored against the walls of
the pipe. Measurement of load values were continued after slack was introduced in order
to collect data for the case of slack. The noisiness of the data and structural variability
[10] leads to inconsistent training sets between segments. Due to nonlinear frictional
properties, fraying of cables over time, and minor repairs being made over various runs,
an individual segment also has variability in the load measurements recorded. This
means that the distributions of load values (given slack or no slack) will be different for
each segment and will change every time an adjustment is made to a segment.

To overcome this problem, we used a moving median filter for each actuator. Then the
filtered median of the previous ten load measurements is subtracted from the current load
measurement. This is referred to as the “relative median load”” (RML). The absolute value
of this difference is used such that the relative median load is always positive (Fig. 2). This
helps filter variability in the range of load values among different segments, as well as
within a segment, yielding a constant range of data for the entire robot.
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Fig. 2. (A) Load measurements from the actuator during expansion of a segment in a 20.3 cm
inner diameter pipe. (B) The median filter measures the median of the previous ten load
measurements. The output from this filter is then subtracted from the current load measurement.
The absolute value of this is the relative median load (RML). This helps normalize the load data
from different segments and use a single probability distribution for the entire robot. The spike in
the above graphs at 0.95 s indicates that the cable has gone slack.
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Based on the RML values, we build our distributions (Fig. 3). Data was gathered
through ten runs for each of the six segments in 17.4 cm and 20.3 cm inner diameter
pipes and on a flat surface. On flat surfaces the segments could expand to their max-
imum diameter without obstruction. Load values from these data sets were divided into
two parts: load given slack in the cable and load given no slack in the cable. From these
distributions it is observed that higher load values are more prominent when there is
slack in the cable as compared to when there is no slack in the cable. Using naive Bayes
classification the possibility of slack occurring given a particular load value can be
predicted based on probabilities, P, obtained from the training data.

The probability of a load measurement V, at time ¢ given slack in the cable, S is

(Vi)P(S| V1)

povls - P PSPVLS)

(1)

Similarly, the probability of a load measurement V; at time ¢ given no slack in the
cable, S is

P(V,)P(S|V;)
P(S)

P(S)P(V,]S)

P(Vt |§) = - P(§| Vt) = P(V,) (2>

Dividing (1) by (2), the ratio of likelihood of slack versus no slack given a par-
ticular load is

P(Sl Vl) _ P(S)P(VI‘S) (3)
P(S|v,) P(S)P(V,|S)

To prevent the algorithm from identifying noise as slack, the previous five load
measurements are used to find the product of probabilities of these measurements. This
product is a ratio of probability of slack to no slack given a load value and is called the
slack confidence (SC), where

_ T P(S)P(ViiS)
ey @

This helps not classify a noisy measurement for slack. Since the SC can be a large
value, its natural logarithm, In(SC), is used for plotting purposes throughout this paper.
Through testing it was found that it took at least five probability values to localize a
peak caused by slack in the cable.

A peristaltic controller needs to coordinate the simultaneous expansion and con-
traction of segments in order to minimize slip. At any given point, there are two active
segments, one contracting and the other expanding in diameter. In between the two
active segments there is a contracted inactive segment referred to as the “spacer seg-
ment” [10]. The remaining three inactive segments are expanded to the permissible
limit and help in anchoring.



102 A. Kandhari et al.

A B
0.6
[ Load given no slack s I RML given no slack |
[ Load given slack [ RML given slack
é\ 1 é\ 04
= =
fl=) =)
=] Il
o o 03
£ £
0.2
0.1
29 235 241 47 283 259 265 % 5 10 15 20 25 20
Load Relative Median Load

Fig. 3. Distributions showing the probability of load measurements (A) and relative median
load measurements (RML) (B) given no cable slack (blue) and given cable slack (orange). The
distributions show that the probability of obtaining higher load values decreases when there is no
slack in the cable and the probability of obtaining higher load values increases when there is
slack in the cable. The same trend is observed in the RML values. The RML distributions (B) are
used to calculate slack confidence (SC) on the microcontroller by assigning probabilities to the
load values obtained from the actuators. (Color figure online)

Once the wave is initiated, load measurements are recorded from the expanding
segment after 150 ms to ignore transients that occur when the actuator starts from rest.
After the actuator stabilizes, load measurements are recorded from the actuator of the
expanding segment at 200 Hz. The slack confidence (SC) is then calculated by the
microcontroller using Eq. (4). When slack occurs the SC has a large value compared to
when there is no slack in the cable. At this point a distinct peak is observed (Fig. 4) and
expansion of the segment is stopped and the control transitions to the next expanding
segment. The wave travels down the length of the robot repeating the algorithm in each
expanding segment. For the contracting segments a preset minimum position allows it
to return to its initial configuration.

4 Results

Twenty runs each were done in 15.2 cm, 17.4 cm, and 20.32 cm inner diameter pipes
and on a flat surface. The results shown in Table 1 summarize the success rate of slack
being detected when the segment came in contact with the wall of the pipe or, in the

Table 1. N = 20 runs each were done in 15.2 cm, 17.4 cm, and 20.3 cm inner diameter pipes
and on a flat surface. The percentage of successful runs, false positive errors, and false negative
errors for the four different cases is shown.

Successful runs | False positive errors | False negative errors

15.2 cm Pipe | 70 % 25 % 5%
17.4 cm Pipe | 70 % 20 % 10 %
20.3 cm Pipe | 75 % 25 % 0 %

Flat surface |85 % 15 % 0 %
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Fig. 4. Load measurements and natural logarithm of slack confidence, In(SC), from the actuator
in three different cases, (A) 15.2 cm diameter pipe, (B) 20.32 cm diameter pipe, and (C) flat
surface. In (A) and (B) the dashed vertical line depicts when slack is visually observed on the
robot. The slack confidence has a significant peak (In(SC) > 10) close to when slack is
introduced in the cable in both cases. In (C), minor peaks are observed, but are not significant
compared to when slack is introduced in the cable due to the walls of the pipe.
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case of a flat surface, the absence of detection of slack throughout. Successful detection
of slack is defined as when In(SC) > 10 is detected within +0.15 s of coming in
contact with the pipe (Fig. 4). Using this criterion, slack was detected successfully in
75 % of the tests. In pipes, 3.75 % of the tests showed a false negative, i.e., no
significant peak was observed. At this point the cable would unspool even when the
segment came in contact with an external barrier. The majority of the errors, 21.25 %
of all the tests, were due to false positives, i.e., a significant peak occurred before the
cable went slack. This would cause the robot to stop expansion before it came in
contact with an external barrier. Thus a segment that should have been anchoring could
slip relative to the pipe wall.

A detailed comparison between the load measurements and slack confidence for
pipes of different diameters and on a flat surface is shown in Fig. 4. There is a lead time
between when slack confidence peaks and when slack is visually observed in the
cables. The lead time is less than 0.1 s. This difference might be due to the compliance
of the mesh and the difficulty of precisely detecting slack visually (Fig. 5).
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Fig. 5. Results from 15.2 cm diameter pipe indicating a false negative, i.e., the segment
continued to expand even on coming in contact with the walls of the pipe. (A) Load measurement
from the actuator, where no significant peak is observed. (B) The relative median load
(RML) shows no significant peak throughout the test to quantify a point where slack is
introduced. (C) The logarithm of SC shows a small spike when slack is introduced in the cable
but it is not large enough to indicate that slack has been introduced.

False positive and false negative errors were observed in 25 % of runs. False
positive errors cause inefficiency as it might cause the segment to slip. These errors
might occur because of fraying of cables, high frictional loads on the cable, and
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damaged components. False negative errors also cause inefficiency in the locomotion,
as the robot is not able to adapt to its environment. False negative errors also cause
excess cable being spooled out. This cable can get tangled with other components and
might damage or break itself. This error might be due to the high amount of noise
causing interference with the sampled data when slack occurs. False negative errors
might also be an indication of plastic deformation of the mesh, where the loads are not
uniformly transferred along the mesh of the segment.

5 Conclusions

The predictive model of detecting slack using probability distributions has allowed us
to redesign our robot using a single cable for actuation. We can now detect slack in
different diameter pipes along different segments using this algorithm. Using the
sensory capabilities of our current actuators, we might be able to eliminate the need for
additional sensors on the robot. Our future work will include achieving higher accuracy
within a smaller time interval using a more dynamic method of predicting load mea-
surements, such as Kalman filters [14]. There have also been studies on detecting
anomalies using Dynamic Bayesian Networks [5, 13, 17]. We also want to apply a
similar feedback algorithm in conjunction with dynamic oscillator networks, such as
stable heteroclinic channels [4, 11] that could help achieve a more adaptive gait pattern.

Currently our robot can react to static environments, by controlling the expansion
of each segment on coming in contact with an external constraint, but what if the
environment was to change suddenly? If the robot slipped while locomoting, would it
be able to adjust to such a change? In the future, the worm-like robot could continu-
ously check for an external load and not just during expansion. In this way any change
in the environment will trigger it to expand or contract in order to comply to its
surroundings.
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