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SUMMARY

Legged systems offer the ability to negotiate and climb heterogeneous terrains, more
so than their wheeled counterparts [1]. However, in certain complex environments, these
systems are susceptible to failure conditions. These scenarios are caused by the interplay
between the locomotor's kinematic state and the local terrain con guration, thus making
them challenging to predict and overcome. These failures can cause catastrophic damage to
the system and thus, methods to avoid such scenarios have been developed. These strategies
typically take the form of environmental sensing or passive mechanical elements that adapt
to the terrain. Such methods come at an increased control and mechanical design complex-
ity for the system, often still being susceptible to imperceptible hazards. In this study, we
investigated whether a tail could serve to of oad this complexity by acting as a mechanism
to generate new terradynamic interactions and mitigate failure via substrate contact. To do
so, we developed a quadrupedal C-leg robophysical model (length and width =27 cm, limb
radius = 8 cm) capable of walking over rough terrain with an attachable actuated tail (length
= 17 cm). We investigated three distinct tail strategies: static pose, periodic tapping, and
load-triggered (power) tapping, while varying the angle of the tail relative to the body. We
challenged the system to traverse a terrain (length = 160 cm, width = 80 cm) of randomized
blocks (length and width = 10 cm, height = 0 to 12 cm) whose dimensions were scaled to
the robot. Over this terrain, the robot exhibited trapping failures independent of gait pat-
tern. Using the tail, the robot could free itself from trapping with a probability of O to 0.5,
with the load-driven behaviors having comparable performance to low frequency periodic
tapping across all tested tail angles. Along with increasing this likelihood of freeing, the
robot displayed a longer survival distance over the rough terrain with these tail behaviors.
In summary, we present the beginning of a framework that leverages mechanics via tail-
ground interactions to of oad limb control and design complexity to mitigate failure and

improve legged system performance in heterogeneous environments.
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CHAPTER 1
INTRODUCTION

1.1 Overview of Field Robotics

Many of the environments humans wish to apply robots towards consist of various ape-
riodic heterogeneities, as shown in Figure 1.1. To cope with these scenarios, engineers
have equipped “ eld robots” with a multitude of mechanisms to augment their mobility
and obstacle handling capabilities. The majority of these augmentations are inspired from
studies of biological organisms, as they are naturally equipped with the ability to traverse
such complex environments [2]. Consequently, the current eld of “all terrain robots” con-
sists of a veritable zoo of robot designs where each comes equipped with certain bene ts
and drawbacks. Such designs are quite varied, from the number of legs to the overall size
to even the control schemes employed, which emulates similar irregularities observed in
nature.

In recent decades, robots have been made that cover a wide range of designs. From
limbless snake-like [7, 8, 9] or worm-like [10, 11, 12] systems that wiggle through envi-
ronments to myriapedal multi-limbed models that explore the mechanics behind centipede
motion [13, 14, 15]. Within this spectrum, bipedal robotic systems exist which are typically
applied towards working in concert with humans and operating in man-made environments.
These systems are relatively stable given proper control and design [16] and thus, in more
unstructured environments like those seen in Figure 1.1, they require a large amount of
control and sensor complexity to achieve similar performance to humans. Quadrupeds and
hexapods offer an alternative solution to these environments as they are more suited for such
tasks due to their larger stability range when compared to the biped systems. Thus, such de-
signs have received more attention for their capabilities as eld robots. Considerable work

has been done in developing insect-like hexapedal systems such as the RHex platform



Figure 1.1:Natural terrains. (A) Rough atterrain [3]. (B) Rubble after building collapse
[4]. (C) Martian landscape [5]. (D) Rough climbing terrain [6].

which takes inspiration from cockroach studies [17]. Such robots have a robust stability
region due to their six actuators and by performing an alternating tripod gait, these systems
can achieve high speeds while keeping the center of mass within the polygon formed by the
supporting limbs. This stability bene t of a six-legged system is also the source of its main
drawback as the number of actuators required for more complex mechanisms and control
is scaled by 6. This increases design costs and as more moving components are introduced,
more points of failures are possible. For instance, RHex uses a 1 degree-of-freedom (DoF)
mechanism in its limbs but what if a roboticist wishes to implement more programmable
control with a 2 or 3 DoF limb? There now would need to be 12 or 18 actuators, respec-
tively, on the robotic system and each is a possible source of failure or overload. This
brings about large power requirements if each servo motor is suf ciently strong or it results

in a relatively weak system if the battery source is kept xed. Thus, the legged design that
has received the most attention in recent years has been the quadrupedal system [18]. Such

a design can achieve static stability when performing a single-foot gait, where only one leg
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is lifted off the ground at any point in its gait cycle, but this typically results in low speeds
[19]. Instead, quadrupedal systems generally rely on dynamic stability when moving at
high speeds to achieve similar performance to that of hexapods. These four-legged systems
have an added bene t of being more intuitable than six-legged systems. This is because
humans are more familiar with quadrupeds in our daily life and at our scale in size. Fur-
thermore, since geometric planes are de ned by 3 non-collinear points, these quadrupedal
systems have a redundant support point in their fourth leg on at ground. Thus, they offer

a “middle region” between bipedal and hexapedal systems in which researchers can em-
ploy schemes developed from both biological observations and machine learning in order
to gure out how best to robustly operate over complex terrains.

Two main strategies exist on these legged systems to cope with the heterogeneities
present in complex terrain: environmental sensing and passive mechanical elements. Both
of these schemes have aspects that are inspired by biological systems and in practice,
robotic systems typically use a combination of the two strategies, albeit with a preference

towards one or the other.

Figure 1.2:Vision-based sensing exampleHazard maps from the Spirit rover on Mars
[20].

Environmental sensing relies on a combination of perception and cognition schemes
[21] where some sensors take in aspects of the environment around the robot and then in-
ternal computation occurs to determine how that environmental information should dictate
the locomotor's actions. This strategy is referred to as “task-space closed loop” since these
robots use external environmental information to actively compensate for obstructions by

avoiding them or through careful support placement [22, 23]. This method is inspired
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by the abilities of biological systems to sense and react to their environment and in liv-
ing systems, perception can be done through acoustic means such as echolocation in bats
and electromagnetic sensing like in sharks, as well as several others. In recent decades,
robotics has tended to favor the visual and tactile sensing methods and have employed such
strategies in a variety of robots. Vision-based methods can take the form of LIDAR or
stereoscopic vision to see the environment along with the distance to objects in the scene,
as seen in Figure 1.2. Then, some internal controllers work to modify the robot's path tra-
jectory to avoid or handle any observed obstructions or hazards. These methods work quite
well in rovers [20] and deployed eld robots [22, 24, 25]. More recent research interest has
been tactile sensing and using that information to directly affect the walking pattern of the
robot as this allows for more robust perception of hazards to the robot such as those seen
in Figure 1.1 [23, 26, 27, 28]. An example of such a scheme and its biological inspiration
can be seen in Figure 1.3 where a cockroach maintained a certain distance from the wall
according to de ection detected within its antenna. Such a scheme was further veri ed
through the use of a robophysical model [26]. The drawback of this method, however, is
that it requires complex computation, control, and actuation, along with robust sensors,
to be able to traverse most environments. Furthermore, the robot's speed and dynamic

response capabilities suffer as a result of this bandwidth bottleneck.

Figure 1.3:Tactile-based sensing examplg(A) Cockroach using antenna de ection and
a PD controller to follow a wall at a set distance. (B) Robophysical model verifying the
proposed tactile-sensing and control hypothesis [26].

In contrast, the second locomotion strategy does not require the same level of compu-

tational intricacy to achieve comparable performance. Instead, this complexity is of oaded
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to the physical design in the form of embodied intelligence [29]. This serves to augment
an existing system with simple underlying motion and control, making it more robust to
environmental disturbances. This method is inspired by biological systems' ability to ne-
gotiate complex terrain features faster than sensory information can be relayed to the brain
[30, 31]. Such aresponse is called “pre exive” where the mechanisms within the limbs and
body are such that their adaptation to terrain perturbations precedes internal re exes that
rely on sensory feedback and a neuromuscular response. This pre exive method, when
applied to robotics in the form of embodied intelligence, offers several bene ts over the
environmental sensing approach such as improved energy ef ciency and lower computa-
tional requirements [32]. Of major note is the near-elimination of the time delay in the
robotic system's response to perturbations, thus making more dynamic movements and
faster robot speeds possible. Additionally, by of oading this control to the physics of the
system, it allows for the robot's computation power to be directed to more high-level tasks
such as sampling environmental conditions, mapping the surroundings for other tasks, and
manipulating objects.

The main drawback to this robotic embodied intelligence approach is that it can be
unintuitive to the human designer on what will work well. To overcome such a limita-
tion, recent studies have attempted to develop such designs using machine learning [33].
Generally, these devices are brought about by observing biological systems to determine
what mechanisms or templates [34] enable these pre exive behaviors. For instance, based
on studies of biological systems over rough terrain [35, 36], researchers found that limb
compliance in the direction of loading played a signi cant role in the organisms' ability
to pre exively react to environmental obstructions. This idea was then incorporated into
various robotic designs [32] such as the robotic hexapod, RHex [17], which relies on limb
compliance in conjunction with a feedforward clock-driven limb angle pro le to traverse
uneven terrain. Furthermore, compliant C-legs were implemented on RHex to improve its
ability to climb over obstacles [37] and distribute the mechanical feedback at the limbs,

like the spine does in insects and arthropods [38], another instance of embodied intelli-



gence at work shown in Figure 1.4. Along with these studies for axial loading compliance,

it was also found that biological systems such as centipedes employ anisotropic compli-
ance in the transverse direction to overcome obstacles encountered by the limbs when in
the air, or within their “swing” phase [14]. This directional compliance has been imple-
mented in robots programmatically, via actuators and control schemes [39], and physically
through the use of springs to improve the robot's ability to traverse a rough terrain [14].
These studies demonstrate the impact that different limb mechanisms have on overall robot

performance but this design approach is not limited solely to robot limbs.

Figure 1.4:Embodied intelligence via distributed mechanical feedback at feetCol-
lapsible spines on a (A) spider and (B) cockroach facilitate motion across a mesh [38]. (C)
RHex model using compliant linkages for legs and equipped with collapsible spines (D) to
enable motion across a mesh. (E) RHex with C-legs that distribute contact over hazardous
terrain (F) to improve performance.

An embodied intelligence design approach can be applied to other aspects of the body,
such as the shape [40, 41], exibility, and the methods of actuation. These features serve
to simplify the control complexity needed for robust locomotion by introducing passive
elements rather than active components. For instance, compliant body joints were incor-
porated into a centipede-like robophysical model to augment its ability to negotiate the
transition between at ground and inclines [14]. This exibility within the body joints
demonstrates how passive elements can of oad computation from the “neurological” con-

troller to the mechanical design. Another example of such a concept is the undulatory robot
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