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ABSTRACT

HYBRID PLANNING FOR FREE CLIMBING ROBOTS:
COMBINING TASK AND MOTION PLANNING
WITH DYNAMICS AND CONTROL

EMRE CEMAL GONEN
MECHATRONICS ENGINEERING M.Sc. THESIS, JULY 2021

Thesis Supervisor: Prof. Dr. Volkan Patoglu
Thesis Co-Supervisor: Prof. Dr. Esra Erdem

Keywords: Hybrid planning, answer set programming, motion planning,
multi-contact locomotion of legged robotics, inverse dynamics control, free

climbing robots

Robots with articulated limbs that can free-climb vertical surfaces have the potential
to be instrumental in a wide range of applications, ranging from search-and-rescue
to surveillance, inspection/maintenance to planetary exploration. Free climbing is
highly challenging as it requires the robot to make progress using only friction at
the contact points, without using any special equipment.

To free-climb vertical terrain, the robot must go through a continuous sequence of
configurations satisfying certain constraints that ensure that the robot is in equi-
librium, collision-free, and can be controlled within the actuator torque limits. A
feasible free-climb plan requires i) deciding on a proper sequence of holds to reach,
ii) finding collision-free trajectories for the relevant arms of the robot reach these
holds, while utilizing the internal degrees of freedom of the robot to maintain fric-
tion contacts and balance of the robot, and iii) ensuring that these trajectories can
be executed within the actuator torque limits. Therefore, geometric reasoning and
motion planning alone are not sufficient to solve these problems, as the planning
of reach actions need to be integrated with the motion planning and the feasibility
of plan executions in terms of maintaining friction contacts, balance and actuation
capabilities needs to be verified.
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We propose a hybrid planning approach for free climbing robots that combines
high-level representation and reasoning with low-level geometric reasoning, motion
planning, balance, and actuator feasibility checks. The hybrid planning approach
features bilateral interaction between high-level reasoning and feasibility checks.
The high-level reasoner guides the motion planner by finding an optimal task-plan;
if there is no feasible kinematic/dynamic/controls solution for that task-plan, then
the feasibility checks guide the high-level reasoner by modifying the planning prob-
lem with new constraints. We present a validation of our approach through a com-
prehensive set of benchmark instances and a systematic evaluation its performance
in terms of scalability, solution quality, and success rate.



OZET

SERBEST TIRMANAN ROBOTLAR ICIN HIBRIT PLANLAMA:
GOREV VE HAREKET PLANLAMANIN
DINAMIK VE KONTROL ILE BIRLESTIRILMESI

EMRE CEMAL GONEN
MEKATRONIK MUHENDISLIGI YUKSEK LISANS TEZI, TEMMUZ 2021

Tez Danigmani: Prof. Dr. Volkan Patoglu
Tez Es Danigmani: Prof. Dr. Esra Erdem

Anahtar Kelimeler: Hibrit planlama, ¢oziim kiimesi programlama, hareket
planlama, bacakli robotlarin ¢ok temash hareketi, ters dinamik kontrolii, serbest

tirmanan robotlar

Dikey yilzeylere serbest tirmanabilen eklemli uzuvlara sahip robotlar, arama-
kurtarmadan gozetlemeye, denetim/bakimdan gezegen kesfine kadar g¢ok cgesitli
uygulamalarda faydali olma potansiyeline sahiptir. Serbest tirmanma, robotun her-
hangi bir ozel ekipman kullanmadan sadece temas noktalarindaki siirtiinmeyi kul-
lanarak ilerleme kaydetmesini gerektirdiginden oldukca zordur.

Dikey arazide serbest tirmanmak i¢in, robotun dengede olmasini, ¢arpigsmasiz ol-
masini ve eyleyici tork limitleri dahilinde kontrol edilebilmesini saglayan belirli kisit-
lamalar1 kargilayan stirekli bir konfigiirasyon dizisinden gegmesi gerekir. Uygulan-
abilir bir serbest tirmanma plam gu agamalari gerektirir: i) ulagmak igin uygun bir
tutacak sirasia karar vermek, ii) robotun ilgili kollarimin bu tutacaklara ulagmasi
i¢in carpismasiz yoriingeler bulmak ve ayni zamanda robotun siirtiinme temaslarini
ve dengesini korumak i¢in dahili serbestlik derecelerini kullanmak ve iii) bu yoriin-
gelerin eyleyici tork limitleri dahilinde gerceklestirilebilmesini saglamak. Bu ne-
denle, geometrik muhakeme ve hareket planlama tek bagina bu problemleri ¢6zmek
i¢in yeterli degildir; erisim eylemlerinin planlanmasi hareket planlama problemi ile
biittinlegtirilmelidir ve siirttinme temaslarii siirdiirme agisindan planin fizibilitesi
dogrulanmalidir.
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Bu caligmada serbest tirmanan robotlar icin yiliksek seviyeli bilgi gosterimi ve
otomatik akil yturiitme ile diigiik seviyeli geometrik muhakeme, hareket planlama,
denge ve eyleyici fizibilite kontrollerini birlegtiren melez bir planlama yaklagimi 6ner-
iyoruz. Melez planlama yaklagimi, iist diizey akil yiiriitme ve fizibilite kontrolleri
arasimndaki karsihkli etkilesimi icerir. Ust diizey akil yiiriitiicii, optimal bir gérev
plani bularak hareket planlayiciya rehberlik eder. Hareket planlayici, o gérev plani
i¢in uygun bir kinematik/dinamik /kontrol ¢éziimii yoksa planlama problemini yeni
kisitlarla degistirerek iist diizey akil yiiriitiiciiye rehberlik eder. Onerilen melez plan-
lama yaklagiminin 6l¢eklenebilirligi, ¢oziim kalitesi ve bagarimi bir dizi 6rnek senaryo
vasitasiyla sistematik olarak incelenmigtir.
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To the future or to the past, to a time when thought is free, when men are different
from one another and do not live alone; to a time when truth exists and what is

done cannot be undone...
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1. INTRODUCTION

Robots with articulated limbs have multiple arms connected to their bodies. Each
arm has multiple degrees of freedom and does not have any mechanical gripper,

attachment mechanism, or adhesive material placed at its ends.

Robots with articulated limbs that can free-climb vertical surfaces have the po-
tential to be instrumental in a wide range of applications, ranging from search-
and-rescue to surveillance, inspection/maintenance to planetary exploration (Luk,
Collie & Billingsley, 1991; Nagakubo & Hirose, 1994; Xiao, Dulimarta, Yu, Xi &
Tummalal, 2000; Xiao, Sadegh, Elliot, Calle, Persad & Chiu, 2005).

On the other hand, free-climbing is highly challenging for robots, as it requires a
robot to make progress using only friction at the contact points without using any

special equipment. Thus, finding a feasible free-climb plan is challenging.
In particular, a feasible free-climb plan for a robot with articulated limbs requires
(i) deciding on a proper sequence of holds to reach,

(ii) finding collision-free trajectories for the relevant arms of the robot to reach
these holds, while utilizing the internal degrees of freedom of the robot to

maintain friction contacts and balance of the robot, and

(iii) ensuring that these trajectories can be executed within the actuator torque

limits.

Therefore, computing a free-climb plan requires task planning, motion planning,
geometric reasoning, and feasibility checks. Furthermore, the feasibility of plan

executions in maintaining friction contacts, balance, and actuation capabilities needs



to be verified. We propose a novel hybrid planning method for free climbing robots
that combines high-level representation and reasoning (to address (i) above) with
low-level geometric reasoning, motion planning, balance, and actuator feasibility

checks (to address (ii) and (iii) above).

The hybrid planning approach features bilateral interaction between high-level rea-
soning and feasibility checks. The high-level reasoner guides the motion planner
by finding an optimal task-plan; if there is no feasible kinematic/dynamic/controls
solution for that task-plan, then the feasibility checks guide the high-level reasoner

by modifying the planning problem with new constraints.

In particular, the hybrid planning method is novel and addresses significant chal-

lenges as follows:

 Classical task planning computes a discrete plan (i.e., a sequence of actions)
of a given length to reach a goal state from an initial state. The task planning
method introduced in this thesis considers the robot’s moves as actions, posi-
tions and poses as states. It aims to find a shortest plan that the robot can
follow to reach the goal position from its initial position. Furthermore, it con-
siders a set of waypoints for the robot to visit on its way to the goal position,
as well as some obstacles (e.g., some regions) to avoid. In addition to mini-
mizing the plan length (i.e., makespan), the task planning method maximizes

a given cost function that characterizes the robustness of the plan.

We solve such a complex task planning problem by reducing it to a graph prob-
lem and use Answer Set Programming (ASP) (Brewka, Eiter & Truszczynski,
2016; Gelfond & Lifschitz, 1991; Lifschitz, 2002a; Marek & Truszczynski, 1999;
Niemeld, 1999)—an Al paradigm based on declarative problem representation
and automated reasoning—and the ASP solver CLINGO (Gebser, Kaminski,

Kaufmann & Schaub, 2019) with multi-shot computation to solve it.

» Feasibility checks are an essential component of our hybrid planning method
for free-climbing multi-limbed robots. Our novel graph-based method for
task planning utilizes stability and reachability checks to identify the feasi-

ble stances and the feasible transitions between two poses.



o Motion planning computes a continuous collision-free trajectory from an initial
configuration of a robot to its final configuration. Our hybrid method considers
a free-climbing robot as a planar parallel manipulator as if each leg is fixed
to the contact points, takes into account collisions with obstacles and self-
collisions, and utilizes motion planning (with geometric constraints for the
closed-loop kinematic chain) to find a collision-free trajectory for each action
of the discrete task plan. In this way, the robot decides how it should move
its body and arms from the current stance to the next stance to execute an

action.

We use sampling-based motion planning (Kavraki & LaValle, 2016; Kavraki,
Svestka, Latombe & Overmars, 1996b), and the motion planners available at

the Open Motion Planning Library (OMPL) (Sucan, Moll & Kavraki, 2012).

e Our hybrid method also ensures that the continuous trajectories computed
by the motion planner can be executed by robots under an inverse dynamics

controller while obeying the actuator torque limits.

o If the motion planner cannot find a collision-free trajectory for some action in
the task plan within the give time, or if the joint torque requirements for the
actuators are too high for the feasibility of plan execution, then replanning is

utilized by our hybrid planning method.

Another important novelty of our hybrid planning method is its flexibility to be

extended to multiple free-climbing multi-limbed robots.

We analyze our hybrid method empirically by designing and generating a compre-
hensive set of benchmark instances for free-climbing multi-limbed robots and then
systematically evaluating its performance in terms of scalability, solution quality,

and success rate.



Thesis outline In the rest of the thesis, Chapter 2 discusses the related work in
comparison with our studies. After providing preliminaries in Chapter 3, Chapter 4
presents our hybrid planning method for free-climbing robots. Chapter 5 illustrates
this method with some interesting scenarios and presents a comprehensive empirical
analysis of it. Chapter 6 concludes with discussions of our contributions and future

work.



2. RELATED WORK

We consider related work in two groups: hybrid planning, where high-level reasoning
is combined with low-level feasibility checks to ensure the feasibility of robot plan

execution, and free-climbing robots and their planning.

Related work on hybrid planning.

Hybrid planning aims to combine classical task planning with motion planning to
compute feasible plans for robots. None of the existing related work on hybrid

planning aims for free-climbing robots.

The related work on hybrid planning have three main computational approaches: (i)
developing /modifying search algorithms (Gravot, Cambon & Alami, 2003; Hauser &
Latombe, 2009; Kaelbling & Lozano-Pérez, 2013; Kingston, Wells, Moll & Kavraki,
2020), (ii) utilizing formal methods (Dantam, Kingston, Chaudhuri & Kavraki, 2016;
Plaku, 2012), and (iii) formally embedding motion planning as part of represen-
tations of actions (Caldiran, Haspalamutgil, Ok, Palaz, Erdem & Patoglu, 2009;
Erdem, Haspalamutgil, Palaz, Patoglu & Uras, 2011; Erdem, Patoglu & Schiiller,
2016; Gaschler, Petrick, Giuliani, Rickert & Knoll, 2013; Hertle, Dornhege, Keller &
Nebel, 2012). Our approach is similar to the last one. We utilize, in particular, PRE
(computation) method of Erdem et al. (2016) where feasibility checks are computed

and then embedded in high-level representations.

Related work on learning-based approaches.

Several problems of robotics can be addressed using reinforcement learning to enable
a robot to autonomously discover an optimal behavior over trial-and-error interac-

tions with its environment (Kober, Bagnell & Peters, 2013). In reinforcement learn-
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ing, the problem is designed such that a task provides feedback as a scalar objective
function measuring the performance of the robot, which does not involve explicitly
detailing the solution to the problem. This method is helpful to be used in a wide
range of applications from aerial vehicles, robotic arms, autonomous vehicles, and
humanoid robots (Bagnell & Schneider, 2001; Gullapalli, Franklin & Benbrahim,
1994; Mahadevan & Connell, 1992; Schaal, 1997).

Learning-based models can be used for generating policies for path planning, some-
times with waypoints and sometimes with obstacles (Blum, Jones & Yoshida, 2019;
Lee, Shen, Yu, Singh & Ng, 2006). For instance, Lee et al. (2006) developed a hi-
erarchical reinforcement learning approach using a two-level decomposition of task.
First, a low-level controller generates the continuous motion to move each foot to
specified positions using the policy search. During learning, a reward function that
penalizes undesirable behaviors such as taking a long time to complete the foot
movement, passing too close to the vertical surface of an obstacle, or failing to move
the foot to the desired goal location is used. Second, a high-level controller selects
the sequence of foot placement positions with a look ahead search using the cost
estimate of the value function relative to the supervised data. Blum et al. (2019)
considers a set of waypoints and picks the best one to step by with respect to the
rewards function learnt by letting the robot’s joints to explore states. Learning
based methods can also be beneficial to determine gait patterns in dynamic legged
locomotion can also be beneficial to determine gait patterns in dynamic legged lo-
comotion (Kirchner, 1998; Manoonpong, Parlitz & Worgotter, 2013). Improvement
of the stability of locomotion on various terrains and obtaining a successful locomo-
tion model for robots that are deployed in unpredictable terrains with geometries are
some other applications on legged robots (Schilling, Konen & Korthals, 2020; Silva,
Perico, Homem, Vilao, Tonidandel & Bianchi, 2015; Tsounis, Alge, Lee, Farshidian
& Hutter, 2020).

On the other hand, climbing robot problems solved by learning-based models are
usually defined as hill-climbing, step climbing, stair climbing, or climbing over ob-
stacles (Schilling et al., 2020; Totani, Sato & Morita, 2019; Tsounis et al., 2020;
Vincent & Sun, 2012; Wiley, Bratko & Sammut, 2017). The reward function is de-



fined as forward or vertical velocity of the robot with penalties of joint torques and
impact forces. Therefore, the agent is forced move forward or climb upward while
satisfying the feasibility. Among these problems, the closest climbing problem to the
problem addressed in this thesis study is problem of a humanoid model climbing on
a climbing wall (Garg, 2018). In this work, the authors aimed to train a humanoid
simulation to climb a wall containing climbing holds as presented in Figure 2.1.
The robotic agent was trained for 12 hours using Trust Region Policy Optimisa-
tion (TRPO) and for 42 hours using Deep Deterministic Policy Gradient (DDPG)
(Lillicrap, Hunt, Pritzel, Heess, Erez, Tassa, Silver & Wierstra, 2015; Schulman,
Levine, Abbeel, Jordan & Moritz, 2015). Although both methods took 1 million
time steps, and the researchers tried other configurations and modifications of the
reward function, it was noted that these methods were unable to train the agent to
climb. It might be possible to obtain successful results for a longer training time.
However, considering the amount of time for training, our hybrid planning method
is advantageous because we divide the problem into subcategories and use proper

methods to solve them.

In general, our proposed work computes a plan using Task Planing on a feasibility
graph, whereas the learning based approaches computes a policy with respect to a
reward function. For that reason, our method engages the capabilities of high-level
reasoning (i.e. task planning) as well as low-level reasoning (i.e. motion planning).
In particular, with hybrid planning, our method can handle a given set of waypoints
and instead of choosing which waypoint to visit on the way to the goal, it decides
the order of all waypoints to visit the way to the goal. The latter challenge cannot
be handled be handled by the learning based methods. Furthermore, our method
allows us to minimize the total length/cost of the plan. This is not possible by

action selector with lookahead search.

Related work on free-climbing robots.

For the last two decades, many robots have been designed and developed for climb-
ing purposes. Most of them rely on their operational environment and climbing
tools , and are usually equipped with grippers (Parness, Abcouwer, Fuller, Wiltsie,

Nash & Kennedy, 2017), vacuums (Brockmann, Albrecht, Borrmann & Elseberg,
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Figure 2.1 The simulation of the reinforcement learning model.

2008), propellers (Beardsley, Siegwart, Arigoni, Bischoff, Fuhrer, Krummenacher,
Mammolo & Simpson, 2015), magnetic components (Eich & Vogele, 2011), or adhe-
sive materials (Daltorio, Wei, Horchler, Southard, Wile, Quinn, Gorb & Ritzmann,
2009; Kim, Spenko, Trujillo, Heyneman, Mattoli & Cutkosky, 2007) to sustain their

balance while they are climbing.

Another group of climbing robots has been designed and developed to climb around
poles which are cylindrical surfaces, such as duct and pipe inspection. They can
perform their actions by wrapping themselves around poles (Goldman & Hong,
2008) or squeezing their components to move (Haynes, Khripin, Lynch, Amory,

Saunders, Rizzi & Koditschek, 2009).

Although all these climbing robots are bio-inspirational, none of them could perform

free-climbing on vertical terrain.

To the best of the author’s knowledge, Lemur IIb as shown in Figure 2.2, is the
first free-climbing robot (Kennedy, Okon, Aghazarian, Badescu, Bao, Bar-Cohen,
Chang, Dabiri, Garrett, Magnone & others, 2006); it has been built at Stanford
University. Lemur IIb has four legs mounted on a circular chassis, and each leg pos-
sesses three degrees of freedom. Each end-effector, located at the tip of the legs, has

a cylindrical "finger" covered with a high-friction rubber to increase the coefficient of



friction between the surface and the robot’s contact point. In Bretl (2006), planning
algorithms are presented for a two-link, three-link, and four-link (i.e., Lemur IIb)
free-climbing robots. The planners in this work consist of two sequential stages.
First, the planner computes a possible sequence of hand placements by finding fea-
sible transitions. These sequences are computed after performing a set of feasibility
checks, such as reachability, support region, and elbow bend checks. Having created
a stance graph, path-finding is performed on this graph using a graph search, with
path probability considered as a cost, which is inversely proportional to the amount
of time spent exploring the stance and transition. In the second stage, the planner
refines this sequence into a feasible continuous trajectory for the robot to follow
by finding motion plans between subsequent transitions. For motion planning, the
Probabilistic-Roadmap (PRM) (Kavraki et al., 1996b) approach is used to sample
configurations between two states. Moreover, the feasibility of torque requirements
of each motor on the robot to follow the motion plan in an open-loop manner is check

via post-processing of the motion plans, as this feasibility check is time-consuming.

Figure 2.2 A free climbing robot, LEMUR.

A more simplified free-climbing robot, Tenzing as shown in Figure 2.3, has been
built at Dartmouth College (Linder, Wei & Clay, 2005). Similar to Lemur IIb, it
possesses four legs, each with two degrees of freedom. In addition to Lemur IIb,
this robot is equipped with force sensors at the legs and a tilt sensor to measure
the related variables. A camera located at some distance from the robot is used
to determine the configuration of the robot. Similar to the planner of Lemur IIb,
the planner of this robot utilizes an A* based global stance planner to determine

9



feasible pose transitions and a PRM-based local planner to find paths that connect

these stances.

Figure 2.3 Tenzing robot at Dartmouth College.

Another free-climbing robot, called Capuchin (Zhang & Latombe, 2013) (see Fig-
ure 2.4), has been designed at Stanford University to improve upon Lemur Ib.
Capuchin features an increased reachable workspace in comparison to Lemur IIb,
thanks to addition of an extra degree of freedom at the pelvis of each leg, and
increased joint limits. Furthermore, while Lemur IIb relied upon open-loop con-
trollers, Capuchin utilizes feedback controllers to control the position and/or force
at the tip of each leg (Hauser, 2008). Capuchin follows trajectories generated by a
force-balancing controller (Miller, Bretl & Rock, 2006). The planner for Capuchin

is very similar to that of Lemur IIb.

All of these previous works use similar methods to compute plans for a free climbing
robot. They initially perform feasibility checks for stability and reachability and
create a graph showing feasible transitions from one posture to another. Next, they
use a graph search to perform path finding for a single robot from the initial posture
to the final posture. After finding a discrete path as a sequence of postures, they
use PRM-based motion planners to compute collision-free paths for each transition.

Finally, the feasibility of actuator torques to follow these trajectories is validated.
10



Figure 2.4 Capuchin on a climbing wall.

The procedure is sequential, and no-replanning loops are defined when a plan fails.

Similar to these works, our method first computes a feasibility graph considering
balance and reachability constraints for the robot. Unlike other methods, our ap-
proach relies on a high-level reasoner to compute a sequence of poses on the feasibility
graphs. To achieve more complex tasks, the high-level reasoner enables our approach
to solve optimal plans with must-be-visited poses (waypoints) and must-be-avoided
poses. Furthermore, our reasoner-based approach enables the easy extension of our
method to accommodate multiple climbing robots. Once a sequence of poses are
computed, our method also calls for a sampling-based motion planner to compute
collision-free continuous trajectories that ensure robot balance. Unlike other meth-
ods, our motion planner is based on single-shot RRT-based methods and considers
kinematic constraints due to the arms of the robots forming a closed-kinematic chain.
This enables our motion planner to simultaneously move the body and arms of the
robot to reach the desired pose, significantly improving the feasibility of motion

plans.

Most importantly, our approach provides tight integration between high-level rea-
soning and low-level motion planning and feasibility checks. The high-level reasoner
guides the motion planner to search for relevant pose transitions. The motion-
planner and torque feasibility check guide the high-level reasoner via constraints
that ensure computation of new plans that avoid pose transitions that are not fea-

sible.

11



Table 2.1 presents a comparison of the related works with our method. We compare
the type of planner used, feasibility analysis performed, and collision awareness.
Also, we evaluate these methodologies in terms of the feasibility of actuator joint

torques for the completeness of the robotic problem.

Feasibility ~ Obstacle Self-collision “+ctuator . Multi-Robot
Reference Planner . . Torques Waypoints .
Checks Avoidance  Avoidance Planning
Check

Bretl (2006) pry  Reachability, No Yes Yes No No

Stability
. Reachability, ) .

Zhang & Latombe (2013) PRM Stability No Yes Yes No No

Linder et al. (2005) PRM Reachability No Yes No No No

This Thesis RRT-like Reacha'b'lhty, Yes Yes Yes Yes Yes
Stability

Table 2.1 A comparison of the related work on free-climbing robots.
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3. PRELIMINARIES

Our hybrid planning method for free-climbing multi-limbed robots utilizes Answer
Set Programming for finding task plans, and Sampling-Based Motion Planning for
finding continuous collision-free trajectories. Let us provide some preliminaries

about them.

3.1 Answer Set Programming

Answer Set Programming (ASP)(Brewka et al., 2016; Lifschitz, 2002a; Marek &
Truszezynski, 1999; Niemeld, 1999) is a declarative programming based on the sta-
ble model semantics of logic programming (Gelfond & Lifschitz, 1988,9; Lifschitz,
2002b). Tt is usually preferred to solve NP-hard search problems.

With ASP, we can define a computational problem as a finite set of rules (called
a program P) whose answer sets correspond to solutions. The answer sets for a
program P can be computed by ASP solvers, such as CLINGO (Gebser, Kaminski,
Kaufmann & Schaub, 2014).

ASP programs consist of rules of the following form

akﬂl)"'aﬁna not /8n+1,"', not Bm

where n > 0 and m > n, each « is a propositional atom or L, and each f; is
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a propositional atom. In such a rule, « is called the head of the rule while
B1,:++,Bn, not Bpi1, -+, not B, is the body of the rule. A rule where a = 1
is called a (hard) constraint; in such cases, since the head is empty, « is dropped
from the rule. A rule where n =m =0 is called a fact; in such a case, since the

body is empty, the arrow is dropped from the rule.

In addition to hard constraints, ASP allows us to define weak constraints. They are

expressions of the following form Buccafurri, Leone & Rullo (2000):

;517“'7677,7 not 6714—17"'7 not 5m[w@p7t17?tn]

Intuitively, whenever an answer set for a program satisfies the body of a weak
constraint, the tuple (t1,...,¢,) contributes a cost of w to the total cost function of
priority p. Then the ASP solver tries to find an answer set with the minimum total
cost. Different weak constraints might have different priority levels, and thus ASP

can allow multi-objective optimization.

ASP allows other useful constructs used in this thesis: choice expressions, cardinality

expressions, aggregates, optimization statements.

For instance, cardinality expressions are special constructs of the form [{A1,..., A }u
where each A; is an atom and [ and u are nonnegative integers denoting the lower and
upper bounds Simons, Niemelae & Soininen (2002). Such an expression describes
the subsets of the set {A1,..., A} whose cardinalities are at least [ and at most w.
Cardinality expressions can be used in the heads of rules; then they generate many
answer sets whose cardinality is at least [ and at most u. For instance, the answer
sets for the program 2{py, ..., py }4. are subsets of the set {p1, ..., py } whose cardinality
is at least 2 and at most 4. Such rules with a cardinality expression in the head are

called choice rules.

We present an ASP program to an ASP solver, with slight changes in the syntax.
For instance, in the input language of CLINGO, :- stands for <, and each rule is

followed by a period.
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An example. Consider the Traveling Salesperson Problem. A salesperson aims to
visit a given set of cities with a shortest route, so that each city is visited exactly
ones; the salesperson starts and ends the route in the same city. We represent
this problem in ASP and present it to CLINGO as described in Gebser, Kaufmann,

Kaminski, Ostrowski, Schaub & Schneider (2011) as follows:

% Generate

{ cycle(X)Y) : edge(X,Y) } =1 :— node(X).
{ cycle(X,Y) : edge(X,Y) } =1 :— node(Y).
% Define

reached (Y) :— cycle(1,Y).

reached (Y) :— cycle(X,Y), reached(X).

% Test

:— node(Y), not reached(Y).

% Display

#show cycle /2.

% Optimize
#minimize { C,X,Y : cycle(X,)Y), cost(X,Y,C) }.

This ASP program has five pars: generate (lines 2, 3), define (lines 5, 6), test (line
8), display (line 10) and optimize (line 13). In lines 2 and 3, a subgraph is generated
including one edge to and one edge from every node. Note that this subgraph is a
cycle: Every node in a cycle has exactly one incoming and one outgoing edge. In
lines 5 and 6, the reachability of a node from node 1 is defined. Line 8 eliminates
cycles when a node is not reachable. Line 10 displays the cycle. Line 13 minimizes

the total cost of the edges included in the cycle.

This ASP program assumes that a problem instance is provided as a graph, where
the nodes denote cities and the edges denote the roads. Here is an example in the

input language of CLINGO:

% Nodes
node (1..6).

% (Directed) FEdges
15
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edge (1,(2;3;4)). edge(2,(4;5;6)). edge(3,(1;4;5)).
edge (4,(1;2)). edge (5,(3;4;6)). edge(6,(2;3;5)).
% Edge Costs

cost (1,2,2). cost(1,3,3). cost(1,4,1).

cost (2,4,2) cost (2,5,2). cost(2,6,4).

cost (3,1,3). cost(3,4,2). cost(3,5,2).

cost (4,1,1). cost(4,2,2).

cost (5,3,2). cost(5,4,2). cost(5,6,1).

cost (6,2 ,4) cost (6,3,3). cost(6,5,1).

According to the instance, there are six nodes that are connected through directed
edges. Each directed edge has a unique cost value. The schematic representation of

this instance is visualised on Fig. 3.1

1] H 2
1] 2 il 2]
oE oE
E E 2 A B g B 2] g E
2] 2]
Eoﬂ Eoﬂ
2| 1] 2
(3 ) 3 (6 (3] 3 (6]

(a) The problem instance for the Traveler (b) The optimum solution the problem.
Salesperson Problem.

Figure 3.1 Visualisation for the Traveler Salesperson Problem instance

A solution to this problem instance can be found by CLINGO as follows:

Answer: 1

cycle(1,4) cycle(4,2) cycle(3,1) cycle(2,6) cycle(6,5) cycle(5,3)
Optimization: 13

Answer: 2

cycle(1,4) cycle(4,2) cycle(3,1) cycle(2,5) cycle(6,3) cycle(5,6)
Optimization: 12

Answer: 3

16



cycle(1,2) cycle(4,1) cycle(3,4) cycle(2,5) cycle(6,3) cycle(5,6)
Optimization: 11
OPTIMUM FOUND

Models 3
Optimum : yes

Optimization : 11

Calls : 1
Time : 0.213s (Solving: 0.00s 1st Model: 0.00s Unsat: 0.00s)
CPU Time : 0.007s

This output describes a shortest cycle that the salesperson can follow to visit every

node. The salesperson starts and ends the route at node 1.

17



3.2 Sampling-Based Motion Planning

In this thesis, the proposed approach relies on sampling-based planning with geo-
metric constraints (LaValle, 2006). Geometric constraints are required in many ap-
plications, such as during manipulation tasks (Siméon, Laumond, Cortés & Sahbani,
2004), for parallel manipulators and robots forming closed kinematic chains (LaValle,

2006; Tenenbaum, De Silva & Langford, 2000).

There are two main categories of sampling-based planners, which are multi-shot
graph-based methods, such as PRM (Kavraki, Svestka, Latombe & Overmars,
1996a), and single-shot tree-based methods, such as RRT (LaValle & James
J. Kuffner, 2001). Graph-based methods build a "roadmap" in the free configu-
ration space, while tree-based methods construct a tree of feasible configurations
starting from the start or the goal configuration, or both, as bidirectional trees have

been demonstrated to improve the computational efficiency of motion planning.

A configuration ¢ of a robot is defined as (¢ € Q)), where @ is the configuration space,
or the metric space. The degree-of-freedom of a robot is represented by a positive
number, n. The basic motion planning problem is defined as finding a continuous
collision-free path from gstars t0 ggoqr in the configuration space, such that 7 :[0,1] —
@, 7(0) = gstart, and 7(1) = ggoa- For the constrained motion planning, we also
want to satisfy a constraint function F(q) =0 such that every feasible ¢ satisfies the
constraint. Consider there are £ number of equality constraints and these constraint
functions define an (n — k)-dimensional implicit constrained configuration space in

the ambient configuration space.

X ={qeQ|F(q) =0}

In this work, we consider the constraint functions F' that are continuous and differ-
entiable everywhere, so X is a manifold. The constrained motion planning problem

with a constraint function F' and configuration space () is a problem of finding
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7:[0,1] — X. In this study, the constrained planning module of the Open Motion
Planning Library (OMPL) is used (Kingston, Moll & Kavraki, 2019).

There are three representations of constrained spaces in the OMPL. They contain
different implementations for sampling and traversing the problem. The first one is
based on Projected State Space that uses a projection operation to find satisfying
constraint motion. The second approach is the Atlas State Space method that
builds piecewise linear approximation of constraint functions while planning. The
last approach is the Tangent Bundle State Space, similar to the Atlas, but it lazily
evaluates the approximations. Considering the critical nature of constraint equations

of a free climbing robot, we use Projected State Space in this study.
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4. HYBRID PLANNING FOR FREE CLIMBING ROBOTS

Let us first define the problem addressed by our hybrid planning method, and provide

an outline of our method.

4.1 HFCP: Hybrid free climbing Planning Problem

The hybrid free climbing planning problem (called HFCP) for a multi-limbed robot

is characterized by the following input:

e a climbing environment & consisting of sets of H number of holds H =

{0,1,...,H — 1} and K number of obstacles O = {0,1,..., K — 1},

a multi-limbed robot kinematics/dynamics R having N number of legs,

an initial state of the robot as an N —tuple of holds o; = (s, $1,...,$ny_1) such

that s; # s, Vs;,sp € H where 0 < j,k < N —1,

an initial configuration of the robot q; satisfying the initial state oy,

a final region for the pelvis of the robot, Rg,

a set of must-be-visited pelvis regions, W = {Rg, R}Q, e ,Ré}.

A solution for an HCFP instance (’H,O,R,Ji,qi,Rg,W) is a feasible free-climb plan

for a multi-limbed robot on the environment £.

We compute a solution to HCFP by means of generating a feasibility graph, whose
20



nodes denote stable poses of the robot, the edges denote reachable moves of the robot

(by moving only one of its legs), and the costs of edges characterize an aggregate

cost of stability, reachability and robustness.

Let us outline the steps of our hybrid planning method to solve HCFP:

1.1

1.2

1.3

1.4

1.5

1.6

Considering the given climbing environment, a starting initial state, and a final
position of the body of the robot, first a feasible set of states are generated.
A state represents which leg is contacting which hold. Each state is denoted

by a node in the feasibility graph.

Then, starting from the given initial state, the adjacent states that can be
reached by the robot (where only one of its legs and its body are moved)
are identified. A state and its adjacent state are denoted by an edge in the

feasibility graph.

Next, a cost of the edge is defined considering stability, reachability and ro-

bustness.

After that, we compute a task plan over this feasibility graph, to decide for
the moves of the robot where the states and transitions are feasible in terms

of reachability and stability.

Then, we utilize motion planning to check whether each move of the robot is

collision-free.

Finally, we use an inverse dynamics controller to verify feasibility of actuator

torques required to follow the computed trajectories.

Let us describe each step of our method in detail.
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4.2 Generating a Feasibility Graph

A feasibility graph is a weighted bidirected graph. It consists of nodes that denote
stable poses of the robot, and edges that denote reachable moves of the robot (by
moving only one of its legs). The weights of edges characterize an aggregate cost of

stability, reachability and robustness.

4.2.1 State Creator (Vertex Creator)

A state is an N—tuple of holds, where IV is the number of legs of the robot. In fact,
it is a unique posture for the free climbing robot, and it contains the information
of which leg of the robot is attached on which hold, respectively. For example, a
state, o = (5,1,...,0), defines that the first leg is attached on the hold number 5,
the second leg is attached on the hold number 1, and the N*! leg is attached on the
hold number 0. Note that each leg of the robot is allowed to connect only one hold

at each state. Therefore, s; # 5;,Vs;,s; € H in a state o = (s0,51,...,58-1).

For the hybrid planning problem, the first step is to find all feasible states in the
given environment £ because they will be used to define the stance of the robot and
to find the related configuration parameters. In order to find feasible states, two low-
level checks are performed after finding all N—tuple of holds using the permutation
operation of all holds. As presented in Eqn. (4.1), n(X') which is the number of the
set of all N—tuple of holds in H are calculated using the permutation operation on

all number of holds.

H!

n() =" Py = -

(4.1)
In a climbing environment having H holds, there exists H!/(H — N)! states, and
each of them needs to be validated in terms of feasibility. There are two different
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low-level checks are used for this purpose. The first one, called the State Validator
(see Section 4.2.1.1), checks if the given state is suitable for the robot to have a
kinematic placement. Second one is to prevent leg crossings (see Section 4.2.1.2)

while the robot is performing a state.

4.2.1.1 State Validator

For the set of states found after the permutation operation in Eqn. (4.1), there can
be some situations where holds are too far away from each other in a state such that
the robot cannot be physically placed. In order to eliminate these states in X/, we

apply a low-level check named State Validator.

State Validator considers the free climbing robot as if it is a parallel mechanism,
and each leg of the robot is attached at the center of each hold. The aim is to find
if there is a maximal workspace for the assumed parallel mechanism by performing
a reachability check using circles (Merlet, Gosselin & Mouly, 1998). We draw N
circles around each hold for a state, ¢’ € ¥/, and their radius equal to the maximal
leg length of the robot, i.e. it is the maximum distance from the center of the body
to the tip of a leg. Also, center points of these circles are located at the center points

of each hold in the state.

State Validator simply checks if there is an overlapping region for the circles drawn.
If the region exists, this state is marked as a valid state, and it is not a valid state
otherwise. In other words, if all circles are intersecting each other, then there is a
kinematic solution for the assumed parallel mechanism, and we can place the free

climbing robot while its legs are attached the holds in that state.

Let C(i) be a circle drawn around the hold number ¢ with the radius equals to equal

to the maximal leg length of the robot. A valid state exists if all circles in a state

23



create an overlapping region.

a valid state, CH)NC()N...nC(k)#£0
o is (4.2)

not a valid state, otherwise

Fig. 4.1 explains Eqn. (4.2) visually. For a robot having four legs, i.e. N =4, there
are four circles drawn for two candidate states. In Fig. 4.1a, there is an overlapping
region of the circles drawn around holds: 0, 1, 2, 3 for ¢/ = (0,1,2,3), so this state
is a valid state, meaning that there is a kinematic solution to place the robot whose
legs are connected to these holds. On the other hand, there is a infeasible state in
Fig. 4.1b because there is not an overlapping region of circles drawn around holds:
0,3, 6,7 for ¢’ =(0,3,6,7). Therefore, we eliminate these states in 3, and move to

the next low-level check to finalize the valid state definitions.

Overlapping Region for a Valid State Overlapping Region for an Invalid State

074
0.6
057

E 044
>

034

024 — 02

0.0 0.0
0.0 0.1 02 03 0.4 05 0.6 07 0.8 0.0 0.1 02 0.3 0.4 05 0.6 07 0.8
x[m] x[m]

(a) An example of valid state, (b) A sample of invalid state,

o' =1(0,1,2,3) due to the overlapping re- o’ = (0,3,6,7) as circles don’t create an
gion by circles drawn around holds num- overlapping region by holds number: 0,
ber: 0, 1, 2, 3 3,6, 7

Figure 4.1 A sample evaluation of the State Validator
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4.2.1.2 Leg Crossing Check

Although State Validator eliminates all infeasible states where the robot cannot
be placed due to reachability, it does not take the leg crossings into account. Leg
crossing can cause the robot to self-intersect, resulting in an infeasible configuration.
Due to the order-dependent nature of states (as the state definition is in N—tuple),
we need to consider the placement of each leg. For example, the case where a leg on
the right side of the body is attached to hold at the left side of the body, and a leg on
the left is connected to hold at the right may have a self-intersection between these
legs, as presented in Fig 4.2. In Fig 4.2a, there is a state, o’ = (i, j,k,1), where there
is no leg crossing, but in Fig 4.2b, there is an infeasible state for o’ = (4,4, k,1) with
leg crossing. Therefore, two states containing the same holds may cause infeasibility

due to leg crossings of the robot.

(a) An example of state with not crossing (b) An example of state with crossing
legs, o' = (4,7, k,1). legs, o' = (4,1, k,1).

Figure 4.2 A sample case for the leg crossing.

The leg-crossing is checked by studying the angles of two vectors that are defined by
center points of sequential holds. For example, if we consider a free climbing robot
having four legs, i.e. N =4, and a state given as ¢’ = (7,7, k,1), meaning the first leg
is attached to the i*" hold, the second one is on the j*™ hold, and so on. In order

to check the leg crossing for each leg, we check the argument of two vectors drawn
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from a hold.

v2

Figure 4.3 A step for the Leg Crossing Check.

First, we draw a vector v; from k' hold to i*" hold. The argument of vy is pro-
portional to the tancay, where a; is the angle between the v and our reference
frame that is the horizontal axis. Similarly, we draw the consequent vector vo from
k™ hold to "M hold, and its argument is proportional to the tanas as stated in

Eqn. (4.3).

Yk
arg(vy) < tanag =
T — Tk (4.3)
Y Yk '
arg(vy) < tanag =
Ty — Tk

Leg crossing can be avoided when the argument of the first vector is greater than

the argument of the second vector:

arg(vi) > arg(va)
Yi — Yk > Yr — Yk
Ti—Tr X — Tk
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Simplifying Eqn. (4.4),

(Wi —yr) (w1 — ) — (75 —28) (Y1 — y&) > 0 (4.5)

Other three checks can be preformed in similar way, and the following equations can
be obtained. If all of equations are satisfied, we can conclude that the state has no

leg crossings.

(i — yr) (21 — ) — (27 — 21) (Y1 — Y&) >0

(yj —yr) (@i — ) — (x5 —2%) (Yi —yx) >0 (16)
(yj —y) (@i — ) — (x5 — @) (yi —yi) >0

(e —y) (x5 — 1) — (2 —2) (Y5 — 1) >0
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4.2.2 Edge Creator

Having a set of feasible states in the climbing environment, £, we need to consider
feasible transitions between them, such that a feasibility graph can be constructed.
The main assumption for the transition from a state to another is that the robot
can move only one leg while the others keep their positions during the motion.
This is needed because the motion is quasi-static motion, so the equations of static
equilibrium are valid. Therefore, starting from the initial state o;, we check all states
that are near to the initial state in terms of feasibility analysis. There are two checks
which are Reachability Check (see Section 4.2.2.1) to evaluate the robot can reach
from a valid state to another valid state, and Stability Check (see Section 4.2.2.2)
to be sure that the transition satisfies equations of static equilibrium, so the robot

can move without falling.

4.2.2.1 Reachability Check

The purpose of the Reachability Check is to evaluate whether a state is reachable
from another state, or not. If the hold is reachable, we can consider that there is a
transition from the current state o, to a new state o, including the reachable hold,

but excluding the released hold.

Reachability Check has similar procedure as described in Section 4.2.1.1. However,
the concern is not only to find a workspace, but also to find if there is an intersection
between the workspace of the robot and the circle around the candidate hold. First,
the free climbing robot having N legs is considered as a planar parallel manipulator.
After, the maximal workspace of the planar mechanism is investigated by drawing
circles centered at the middle points of each hold. The radius of these circles are
all the same, due to the wing length of the robot, which is the maximum distance
from the center of the body to the tip of a leg. The overlapping region of these N

circles is the maximal workspace, and if the circle drawn around the desired hold is
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intersecting with the overlapping region, we can say this hold is reachable.

For instance as presented in Fig. 4.4, the aim is to check the reachability form
.= (1,7,k,l) to o, = (i,7,k,m). In other words, we check the reachablity of the
right rear leg of the robot from the hold ! to the hold m. To do that, we check the
intersection of two workspaces of the two states, and as shown in the figure, it is
reachable.

Reachability Check
0.8

0.7 q

0.6

0.5

0.3

0.2

0.1

0.0

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
x [m]

Figure 4.4 Reachability Check from a state to a hold

Consider a current state o. = (i,7,...,k), a new state o, = (I,m,...,n) and a free
climbing robot having N legs with a maximal leg length of . Draw circles around
center points of each hold of states with radius of r, and let C'(¢) be a circle drawn
around the hold number i. As formulated in (4.7), the state o, is reachable by the

state o, if all circles in these states create an overlapping region.

Let the workspace of the current state be W, = C(i)NC(j)N...NC(k), then

reachable by o, W.nCl)NC(m)N...NC(n) £
T (4.7)

not reachable by o., otherwise
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4.2.2.2 Stability Check

Consider a climbing environment designed as a collection of various pegs, such as
the rock-climbing pegs on a climbing wall at gyms. These pegs are called holds, and
they are assumed to lie in a single patch, so each hold has a normal vector v;. Then,
considering dry Coulomb friction, the reaction force f; at each hold ¢ is constrained
to be in a circular (quadratic) friction cone F'C; of the static coefficient of friction

i centered about the normal vector v;.

For simplicity, a triangular approximation to F'C; is used on the plane. However,
in space, this approximation can be applied as a p-gonal pyramid, and increasing p
increases both the precision of F'C; and the computational cost (Bretl, 2005). As we
work on a plane, we take p = 2, which makes the friction cone to assume a triangular

region.

Define unit vectors fﬂ and f'ig along each edge of the triangle. The reaction force

Friction Cone

E 060
-

0.55 1

0.50 1

0.45 T T T T T
0.30 0.35 0.40 0.45 0.50 0.55 0.60

x [m]

Figure 4.5 Friction Cone on a hold

p=2
fi = Z fz]fz (48)
j=1



lies with the triangle approximating F'C; if f;1, fio > 0. In practice, this constraint

is defined as a minimum and a maximum limit.

fmini < fij < fmaxi for (] = 172)' (49)

The vector of variables f;; will be denoted as

_ fi1
fi2

f; (4.10)

so this constraint can be expressed as follows ("<" denotes vector inequality):

fminil = fz = fmaxil (4.11)

Since we assume the motion of the free climbing robot is quasi static, we need to
consider equations of static equilibrium to compensate for gravity. To do this, let
r; = (x;,y;) be the location of each hold i on the plane. Assume the robot has a
mass m, and the center of mass (CM) is located at (zcoar,yonr) with respect to a
fixed coordinate frame, and gravity is g = (0, —g). Define following matrix for each

hold:

f; f;
FZ' _ ZlA ZQA (412>
r; X fil r; X fig

Then, the free climbing robot is in static equilibrium in both force and torque if the

reaction forces exist such that

f
0 ) 0
F,---F, 0 = |mg (413)
fn
—mg 0
_xCM_

The first two lines of Eqn. (4.13) capture the static force balance in a fixed coordinate
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frame, respectively. Summation of reaction forces along the horizontal direction
should be equal to zero. Similarly, summation of reaction forces along the vertical
direction should be equal to the weight of the robot such that the static equilibrium

is satisfied.

The constraints Eqn. (4.11) and Eqn. (4.13) can be represented in a general form to
be solved together. First, let

_ ‘ -

X =

£,
_xCM_
so x € R2"*1. Then, define
0 0
Aeq: F,---F, 0 and beq: mg

—mg 3x2n+1 0
Then, Eqn. (4.13) can be represented as:

Acgx =bg (4.14)

Similarly, define x’ € R?" to be used in the boundary constraint,

Then, the minimum and the maximum boundaries can be defined in the following
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form,
f miny 1 f maxy 1
X = : and x’ = :

min maxr

f minng 1 f maxn 1

so from Eqn. (4.11), x is bounded by

/ ! !
Xmin j X j Xmazx (4'15)
Then, define
1 —x!
Ay = O4nx1 and by, = e
I X;na:c
Anx2n+1 4Anx1

Note that, the last raw of A, is a zero array corresponding to z¢ s in X, which is un-
bounded and our aim is to find a feasible boundary for x¢ys. Therefore, Eqn. (4.11)

can be represented as

Apx < by, (416)

Now, we have a linear equality in Eqn. (4.14) and an inequality constraints
Eqn. (4.16), and our target is to find a range for z¢ps satisfying these two con-
straints, which can be solved by Linear Programming. Linear Programming solves

problems of the following form:

min c¢'x
X
such that A, x <b,

A yx =Dbgy

where x is a vector of decision variables, c,b,; and b, are vectors, and A,; and

T

A, are matrices. Since the Linear Programming optimizes ¢* x, we need to choose
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a proper ¢ vector such that it gives the minimum and the maximum values for xoay.

Therefore,
0
Cmin = | | to find the minimum zc )y
0
1
and
0
Cmaz = | | to find the maximum TOM
0
—1

The results of the Linear Programming for both the minimum and the maximum
xopy defines a region where the center of mass of the robot should lie. In Fig. 4.6,
the darker region is a support region for a state when the robot is moving its right
front leg, and the area including both lighter and darker region is a support region
when all four legs of the robot are on hold. The intersection region of these two

support regions enables the robot to move without falling.

Let a current state and a next state be o. = (4, ,k,l) and o, = (n, j, k, 1), the stability
check considers the support region while the robot is performing an action. Since the
first leg is moving, the current support region SR; is a function of (j,k,l) because
these holds keep the robot in balance. Similarly, to see if there is a stable transition,
the support region for the next state SRy that is supported by (n,7j,k,[) should
intersecting with SR;.

stable , SR1NSRy # 10
The transition is (4.17)

not stable , otherwise
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Figure 4.6 An example of Stability Check

4.2.3 Constructing the Feasibility Graph

One of the main aspects of the hybrid planning is to convert the problem into a graph
planning problem based on the feasibility checks explained in the earlier sections.
For the given climbing environment, a starting initial state, and a final position of
the body of the robot, the method creates a graph to be used for planning. First,
it finds feasible sets of holds, states. A state has N number of holds representing
which leg is contacting at which hold. Second, starting from the given initial state,
the adjacent states which have only one different hold than the initial state in the
set are checked, as described in Section 4.2.2. For example, consider the following

set of holds and the initial state for NV =4 in a given environment,

H=1{0,1,...,9}

o =(3,1,0,2)

The initial state describes the hold 3 is contacting with the first leg, hold 2 is
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contacting with the second leg, etc. An adjacent state is the state that only one
hold in o; is changed because the robot is allowed to move only one of its leg at each
time step, due to the quasi-static motion assumption. The following states include

the list of states that are checked by feasibility analysis:

2,1,0,2),...

w
\.H
o

[\

,....(3,1,9,2

— — — —
\_w
N
\_O
(\)
~— ~ ~ ~
— —~ —~ —~
\‘C}J
\.Cﬂ
\‘O
(N}

JERRR
)yeeos (
)seees
3,1,0,5),...,(

Therefore, for four legs (N =4) and 10 holds in a climbing environment (H = 10),
there are 24 possible states from an initial state whose feasibility need to be checked.
The general formula to compute the number of possible states from a starting state
is given in Eqn. (4.18), where N is number of legs of the free climbing robot, and K

is the number of holds in the climbing environment.

Number of Possible States = N(K — N) (4.18)

Each adjacent state is checked and if it is a feasible state, it is saved. Unless states
are in this saved file, they are not considered anymore as a node in the graph. On
the other hand, the feasibility of states are checked as described in Section 4.2.2. If
we find there is a feasible transition, we add feasible nodes and their edges to the

graph. This procedure is performed to cover all states in the environment.

The edges are assigned same weights to find the path having the least cost. We
define some cost parameters for weighted edges. The visualization for an edge is
presented in Fig. 4.7. This edge is defined from o1 = (¢,,k,l) to o2 = (n,j,k,1).
The parameters on the figures are d,.qqq,, which is the Euclidean distance from the
previous hold to the next hold for the active leg, dg.p, that is the width of the stable
region defined on supportive legs, i.e. for holds at (j,k,l), and A,gpust that is the

maximal workspace of the robot while the active leg is free.
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Arobust

Figure 4.7 Cost definition on edges.

4.2.3.1 Reachability Cost

Reachability cost is defined as the Euclidean distance from the current hold to the
next hold for the active leg. As the robot is allowed to move only one of its leg at
each step, there is an active leg that moves while the others keep their positions.
The distance from the current hold to the next hold is defined as reachability cost,

and it is proportional to this distance measure.

Creach = dreach (4 19)

where dyeqcn is the distance from the current hold to the next hold for the active

leg. Note that the cost is defined after the feasibility analysis.
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4.2.3.2 Stability Cost

Stability cost is defined through the distance between the maximum and the mini-
mum positions of the support polygon while the active leg is not contacting to any
point. N —1 legs of the robot is contacting to their holds, and they are responsible
to balance the robot when the active leg is moving. Therefore, the center of mass
of the robot should lie in the support region caused by N —1 legs as described in
Section 4.2.2.2. Note that, this cost is inversely proportional to the distance because
larger stable region enables more freedom to the robot, so we invert the distance as

in Eqn. (4.20).

1
dstab

Cstab = (420)

where dgqp is the width of the support region caused by N — 1 legs, i.e.

||xCMmax - zCMmin || .

4.2.3.3 Robustness Cost

Robustness cost is computed based on the area where the body of the robot can
be placed during the transition from a state to the other. This area is the area of
the workspace that is the overlapping region of intersecting N — 1 circles centered at
each hold, and it is calculated using Shapely Library (Gillies, 2020). Since a larger
area enables more freedom for the robot to move, the cost is inversely proportional

to the area.

1
Crobust = Ai (421)

robust
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4.2.3.4 Weighted Cost

Weighted cost is the weighted sum of all costs to aggregate all costs into a single

cost.

C= Wl Creach + W2 Cstab + W3Crobu5t (4'22)
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4.3 Task Planning using ASP

Having a weighted graph, a starting node and a final node, we can find the shortest

least-cost plan using ASP with a multi-shot computation (Gebser et al., 2019).

Symmetry breaking. As described in Section 4.2, each state is an N—tuple of
holds in the environment. The size of states is N, that is, the number of legs of the
free climbing robot, and the order of holds in a state is order dependent representing
which leg is contacting with which hold. Considering the symmetric structure of
the robot, the order dependency can be neglected, because at the high-level, they
are represented by the same configuration of the robot. This enables us to have
more compact graph having less edges and nodes, so improves the computational
performance of task planning. Therefore, we convert an order dependent state to
a unique state such that hold numbers are sorted. For example, o = (4,1,0,2) is
changed to the o/ = (0,1,2,4) such that hold indices are sorted, and the pose of the

robot represented in this way for the task planning.

Feasibility graph. We represent the feasibility graph in ASP using the following

predicates:

» edge/3 predicate represents an edge on our graph. All edges are given as an
input to the planning program. It defines there is an edge from a pose to

another pose with a weight.

edge(P1,P2,IV).

e vertex/1 predicates are vertices on the graph.
vertex(X) < edge(X, , ).

vertex(Y) < edge(_,Y, ).

Fluents and actions. To represent a dynamic system in ASP, we need to decide
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for fluents to represent states, and actions to define transitions between states. To

solve HCFP, we introduce one fluent and one action as follows:

« pose/n predicate represents the pose of the robot according to the set ¢’ whose

cardinality equals to the total number of legs of free climbing robot.

pose(o’) and card(c’)=n

» move/1 predicate defines the action of moving to another pose/n.

move(pose(a’)).

Initial state and goals. To represent HCFP as a planning problem, we introduce
the initial and the goal states with init/1 and goal/1 predicates, respectively.

They take a pose/n predicate to indicate which pose is the initial or the goal.

Domain description. Next, we represent the domain: the preconditions and

effects of actions.

1. At every time step t, the free climbing robot can choose to move to at most

adjacent pose P2 from its current pose P1.

{occurs(move(P2),t) : edge(P1, P2,W)} <1< holds(P1l,t),vertex(P1).

2. When the free climbing robot moves to an adjacent pose P2 from its current
pose P1 at time step t, as a direct effect of this action, the pose of the robot
will change to P2 at the next time step.

holds(P2,t+ 1) < holds(P1,t),occurs(move(P2),t),edge(P1, P2,W).

3. Such a move action is not always possible. So the preconditions of the action

should be defined.
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The robot cannot move to a pose P if it is already at that pose.

< occurs(move(P),t),holds(P,t).

The robot cannot move to a pose if it is not adjacent to its current pose.

< not edge(P1,P2, ),holds(P1,t),occurs(move(P2),t).

4. At every time step t, the robot should be exactly at one pose. The existence

and the uniqueness is described by the following state constraint:

<+ #count{P :holds(P,t)} # 1.

5. We also need to consider what does not change over time. We define the
common sense law of inertia (the pose of the robot does not change unless it

is changed) as follows:

{holds(P,t+1)} < holds(P,t).

6. We have to make sure that the plan reaches a goal pose C, by the following
constraint:

<+ query(t),goal(C),not holds(C,t).

7. We can further optimize the cost of the final plan as follows:

#minimize{W : edge(P1, P2,W),holds(P1,t),holds(P2,t+1)}.

Multi-shot computation. For multi-shot computation, the ASP program de-
scribed above should be presented to Clingo in three parts: base, step, check.
Note that Listing 7 in Gebser et al. (2019) should be included at the beginning of

the formulation.

The base program is grounded only once. It consists of the feasibility graph de-
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scription, and the initial and goal state descriptions.

The step program is grounded incrementally for t=1,2,3,.... It consists of the do-

main description above (except for the last two rules).

The check program is grounded for each value of t until a solution is computed.
The last two rules of the domain description above (to ensure that a goal is reached,

and the optimization statement) are included in this part.
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4.4 Constrained Motion Planning

With the ASP-based task planning described above, we can compute a sequence of
moves of the robot from the initial state to a goal state. This hybrid plan includes
information about which leg is moved to which hold at what time step, consider-
ing stability and feasibility checks. However, the feasibility of such a plan is still
subject to further low-level geometric and dynamics feasibility analysis, such as,
the existence of collision-free paths for all bodies of the robot, considering robot
kinematics/dynamics and environmental factors, such as obstacles. Geometrically
feasible of robot motions can be computed using sampling-based motion planning.
Therefore, by synergistically integrating motion planning in our hybrid planning
framework, we aim to generate a feasible trajectory (if exists) that the robot can

actually follow.

Since the free climbing robot has similar kinematic structure with a planar parallel
mechanism, and these mechanisms can be represented by mathematical equations of
geometric constraints, we transform our problem into a constrained motion planning

problem that can be solved by a sampling-based motion planner.

The main assumption for the motion of the free climbing robot is that it moves only
one of its leg during the transition from a state to another. Therefore, the constraint
equations of the robot is changing according to each leg. For the equations presented
below, we assume the robot to have four legs N = 4, because quadrupedal robots

are quite common.

The robot considered has four legs, with each leg having two degrees-of-freedom
(DoF). The body of the robot is assumed to be a regular hexagon such that angles
for the kinematic structure can be easily derived. The state variables for this robot

can be selected as

a=1[00 01 0y 05 04 05 05 07 z, yp 0,]" (4.23)
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State Variables for the Free-Climbing Robot
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Figure 4.8 Robot Kinematics

where §; is the joint angle of legs, x;, and y,, are the horizontal and vertical positions
for the center of the body of the robot, and 6, represents the orientation of the body
of the robot.

There are five cases considered for the motion planning:

o The first case is used when the body of the robot is required to move, while
all four legs are contacting to holds. This case is beneficial when we need to
change the center of the mass of the robot before moving to the other state
such that the robot ensures its stability. It is also useful for inspection robots
to search around a state. The constraint equations and their Jacobian matrix

with respect to q are presented in Appedix B as Case 1.

o The second case is for the planning situation when the right front leg of the
robot is allowed to move while others are attached to their respective holds.
Since the right front leg is considered as the first leg in a state o, first indices of
the states in a planned sequence should be changed. The constraint equations
and their Jacobian matrix with respect to q are presented in Appedix B as

Case 2.

Similar to the second case,
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o The third case is for the left front leg, that is the second leg, so second indices
of the states in a planned sequence should be changed. The related equations

are in Appedix B as Case 3.

o The fourth case is for the left rear leg, that is the third leg, so third indices
of the states in a planned sequence should be changed. The related equations

are in Appedix B as Case 4.

o The fifth case is for the right rear leg, that is the fourth leg, so fourth indices
of the states in a planned sequence should be changed. The related equations

are in Appedix B as Case 5.

4.4.1 Goal Definition

The free climbing problem contains holds on a wall, and the robot makes its progress
through supporting its legs on these holds. However, the exact location on a hold
of the active leg is not decided by Task Planning, which only determines the hold.
Therefore, a decision for a goal configuration has to be made by the planner. Due to
the redundant degrees-of-freedom of the robot on the plane (i.e. the robot presented
in Fig. 4.8 has 11 dofs, and 6 independent constraints while it is moving), there exist

infinitely many configurations for this system to be placed it on a goal state.

The definition of the goal region is implemented in a different thread besides to the
main planning thread, so it allows the motion planner do sample the configuration
space in parallel to the goal sampling. To decide for feasible goal configuration for
the body, we select a random configuration within the defined boundary, project this
configuration using the Least Square Method such that our constraint equations are
satisfied. Similarly, for the leg planning, the same procedure is applied, but we add

two more constraints such that the active leg is on the target hold.

In Fig. 4.9, there are a number of different goal configurations are presented for

both leg planning and body planning. The orange robot model shows the starting
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configuration where blue models indicate possible configurations in goal regions. In
Fig. 4.9a, the right rear leg is moving to the hold 4, and four different configurations
are shown. Note that, the end point of the leg can be anywhere on the target hold.
Similarly, in Fig. 4.9b, different configurations are presented for body while all four
legs preserved their locations. In both cases, our planner enables elbow configuration

changes.
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(a) Possible goal configurations in a leg (b) Possible goal configurations for a
movement. body.

Figure 4.9 Sample cases for goal region.
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4.5 Inverse Dynamics Control

We use an inverse dynamics controller to verify the feasibility of actuator torques
required to follow the computed trajectories by computed hybrid task and motion

planning.

4.5.1 Dynamic Equations

The dynamic equations of motion of the climbing robot with changing environmental

contacts can be expressed as follows:

M(q)d+h(q,q) =ST7+I (@) (4.24)

where
o M(q) € RIFT3*IF3: the floating base matrix
« h(q,q) € R/*3: the floating base centripetal, Corolis, and gravity forces
e S= {Ijxj | 0j><3}: the actuated joint selection matrix
« 7€ RJ: the vector of actuated joint torques
o J. e R>IH3: the Jacobian of [ linearly independent constraints
o A e R the vector of I linearly independent constraint forces

The constraints capture the locations on the robot in contact with the environment,
where external forces or torques are applied, and no motion is observed with respect

to the inertial frame. Calling x. the positions and orientations of these locations,
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we have

%, =J.q=0 (4.25)

%, =Jeq+J.q=0 (4.26)

The structure of J. and A depends on the kinematic structure used to model the
robot. In our case, since the environment is planar and the robot interacts with the
environment through point contacts, we have 2 linearly independent constraints per
leg. For 4 legs, there are 8 linearly independent constraints, [ = 8. Also, note that
there are 2 joints on each leg, so the number of joints is 8, j = 8. The state variables,

q, for the robot as defined in Eqn. (4.23).

4.5.2 Inverse Dynamics via Orthogonal Decomposition

Given some desired joint space motion, we wish for our robot to follow (qq,q4,dq),
and given the model of robot dynamics as in Eqn. (4.24), we would like to compute
actuator torques 7 that can realize the desired motion, while Eqns. (4.25) and (4.26)
are satisfied. As explained previously, solving for 7 using Eqn. (4.24) requires full
knowledge of the constraint forces, A. However, as presented by Mistry, Buchli &
Schaal (2010), when the system moves in the null space of the constraints, the total
dimensionality reduces by [. Therefore, when the dynamics is represented in the
reduced dimensional space, [ equations can be eliminated from the full rigid-body

dynamics.

The QR decomposition. Assuming J. is full row rank, rank(J.) = [, we can

compute the QR decomposition of J! as

JI=qQ (4.27)

Multiplying Eqn. (4.24) by QT decomposes the rigid-body dynamics into two inde-
49



pendent equation as

SCQT(MQ"’ h) = SCQTSTT +RA (4.28)
S.Q" (Mg +h)=8,Q7s”r (4.20)
where
Se= [IM | 01><(]’+3—l)} (4.30)
Su = |:O(j+3l)><l | I(j+3l)><(j+3l):| (431>

Control Equation. Now, the one can compute the control torques using

Eqn. (4.29) and a pseudo-inverse as

7=(8.Q"S")"S.Q" (Mg +h) (4.32)

Calculating Contact Forces. Also, the contact forces can be calculated according
to Eqn. (4.28):
A=R7!'S.QT(MG+h—-8T7) (4.33)

Joint Tracking with Feed-forward Compensation. PD control based joint

space tracking with feed-forward compensation can be implemented by a controller

of the form:

7 =InvDyn(q,d,8q) + KpS(as—a) + KpS(ds —d) (4.34)

where Kp and Kp are position and velocity gain matrices and InvDyn(+) is calcu-

lated according to Eqn. (4.32).
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5. SIMULATION-BASED EXPERIMENTAL EVALUATIONS

The methods described in Chapter 4 are evaluated on several challenging bench-
mark scenarios. We evaluate our method’s performance in terms of scalability by

increasing climbing hold numbers in problem instances.

All simulations were performed on workstation with an Intel Xeon Gold 2 x 6130
CPU running at 3.70 GHz using a single thread and 32 GB RAM. All algorithms
were implemented in PYTHON, with SCIPY tools (Virtanen et al., 2020). A timeout

of 600 seconds per trial was imposed for each instance of motion planning.

5.1 Sample Scenarios

To demonstrate the capability of the Hybrid Planning to solve a large variety of
problems, we have also illustrated its applications with several difficult benchmark
scenarios. For each scenario, the robot model presented in Chapter 4 is used, and
a climbing environment is designed with various number of holds, whose slope an-
gles and coefficients of static friction are distributed through normal distribution of

random samples.
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5.1.1 Scenario 1: Basic Free Climbing

The first scenario is a basic free climbing wall designed to demonstrate that the
proposed method works. As shown in Figure 5.1, there are 10 holds distributed in
a horizontal direction. Each hold has the same physical shape and dimension, but
the coefficients of static friction of the holds and their slopes are chosen randomly
from a feasible range. Therefore, angles of friction cones vary based on the friction
coefficient.

o First Climbing Environment

0.8 q

0.6 1 T\ R

y [m]

0.4 RS / s 8

0.2

0.0

T T T T
0.0 02 0.4 0.6 0.8 1.0
x [m]

Figure 5.1 Basic Free Climbing Environment

The robot is requested to move from left side of the wall to the right side of the
wall. In other words, the initial state is o9 = (3,1,0,2), and the final position for the
pelvis of the robot is (xg, IJ;) = (0.7,0.55) m. The first step is generating all possible
states using the State Creator as described in Section 4.2.1. Next, we eliminate the

ones that do not satisfy the feasibility checks related to the states. Using Eqn. (4.1),
there are 5040 states to be checked.
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H={0,1,...,9}
10!
Y)y=Hp, =P = — — = 5040
() =" =P = )
The number of possible states are first reduced to 720 by the State Validator. Then,
the number of possible states decreases to 104 after the Leg Crossing Check. That

is, there exist 104 feasible states for the basic climbing environment that the robot

can be placed considering its kinematics.

Next, we construct the graph as presented in Section 4.2.2. Starting from the initial
state o; = (3,1,0,2) as the first node of the graph, we check if adjacent states are
one of the 104 feasible states, and whether there exists a feasible transition between
these states. For this scenario, there are 85 feasible adjacent states, and 37 of them
are unique states. After the Reachability Check and the Stability Check, 29 feasible
transitions are found. As a result, the graph of this scenario has 29 edges with 24

nodes, and can be visualized as in Figure 5.2.

Figure 5.2 First Climbing Environment converted graph

Next, the final position for the body of the robot, which is desired to be at

(ZL‘IJ; , }J; ) =(0.7,0.55) m is determined to correspond to the region enclosed by the

holds (6,7,8,9). Therefore, this pose is provided as the goal for the task planner.

The multi-shot ASP Task Planning computes a solution with a minimum makespan
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of 12 time steps in 0.024 seconds. A plan, with its history, is presented in the
following form

holds (pose(0,1,2,3),0) holds(pose(0,1,3,4),1)
occurs (move(pose (0,1,3,4)),0) holds(pose(1,2,3,4),2
) holds(pose(1,2,4,5),3

occurs (move(pose (1,2,3,4 1
2) holds(pose(2,3,4,5),4

occurs (move(pose (1,2,4,5)),

—_ — — —

(
(
occurs (move(pose (2,3,4,5)),3) holds(pose(2,3,5,6),5
,4) holds(pose(3,4,5,6),6)
,5) holds(pose(3,4,6,7),7)
(
(
(
(

))
))
))
))
))
3,4,6,7)),6) holds(pose(4,5,6,7),8)
))
))
))
))
))

occurs (move(pose (2,3,5,6 )
occurs 3,4,5,6 )
)
move (pose (4,5,6,7)),7) holds(pose(4,5,7,8),9)
,8) holds(pose(5,6,7,8),10)
5,6,7,8)),9)
0
1

occurs (move( pose (5,6,8,9

,9) holds(pose(5,6,8,9),11)
,10) holds(pose(6,7,8,9),12)
71 )

( (
( (
( (
(move (pose (4,5,7,8
( (
( (
(

occurs (move( pose (6,7,8,9
Optimization: 753
OPTIMUM FOUND

Models 1
Optimum : yes

Optimization : 753

Calls ;13
Time : 0.024s (Solving: 0.00s 1st Model: 0.00s Unsat: 0.00s)
CPU Time 1 0.024s

Since we know the initial state as o9 = (3,1,0,2), we can decode the output of ASP.
For example, at step 1, the robot is on pose(0,1,3,4). Since the robot is allowed
to move only one leg from pose to pose, we can find out that the different hold
number is 4, and the next state is o1 = (3,1,0,4). Then the sequence of states that

the robot follows by the plan above can be extracted as follows:

Y= {(3,1,0,2), (3,1,0,4),(3,1,2,4),(5,1,2,4),(5,3,2,4),(5,3,2,6),(5,3,4,6),
(7,3,4,6),(7,5,4,6),(7,5,4,8),(7,5,6,8),(9,5,6,8), (9,7,6,8)}

At this point, motion planning needs to be employed to check whether the task plan
is feasible, or not. As described in Section 4.4, the robot is modelled as a parallel
manipulator. Therefore, we can define geometric constraints for our system and use

Constrained Sampling-based Planners to solve for a motion plan from state by state.
Figure 5.3 presents snapshots from the animation of the robot free climbing on the
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environment. As described in the problem, the robot is desired to move from left
side of the environment to the right side. Shaded regions in each figure represents
the support polygon where the center of mass of the robot should lie to ensure
stability. RRTCONNECT is used as the motion planner as it is observed to perform

better in terms of time efficiency.
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Figure 5.3 Snapshots for the motion plan of the first scenario
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5.1.2 Scenario 2: A Higher Free Climb

The second scenario involves a more complex climbing wall inspired by the climbing
wall used by Bretl (2005). As shown in Figure 5.4b, the climbing environment is
created by distribution of climbing holds in an environment. As we can estimate
from the figure, the distance between each hold is close to the length of the front
link of the robot. Then, we place the holds with the same distances based on our
robot. Similarly in all environments, the slope and the coefficient of static frictions

are chosen randomly as presented in Figure 5.4a.

Second Climbing Environment
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(a) Our adaptation

Figure 5.4 Second Climbing Environment

The robot is assigned to move from lower side of the climbing wall to the top of the

wall. The initial state is o; = (9,3,0,2), and the final position for the pelvis of the
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robot, (:vIJ;, }J;) = (0.25,0.45) m. First step is to generate all possible states using
State Creator as described in Section 4.2.1. After that, we eliminate the ones that

do not satisfy the feasibility checks related to the states.

Using Eqn. (4.1), there are 143640 states to be checked.

H={0,1,...,20}

21!
n _H _ 21 _ _
n(x)="p, = P4_7<21_4>! = 143640

The number of possible states are reduced to 17352 by the State Validator. Then,
it is decreased to 1842 after Leg Crossing Check. That is, there are 1842 feasible
states for this climbing environment that the robot can be placed considering its

kinematics.

Next, we construct the graph as presented in Section 4.2.2. Starting from the initial
state o; = (9,3,0,2) as the first node to the graph, we check if adjacent states are
one of the 1842 feasible states, and whether there is a feasible transition between
states. For this scenario, there are 18150 feasible adjacent states, and 2368 of them
are unique states. After the Reachability Check, this number is reduced to 2289.
Then, the Stability Check eliminates them to 1937 edges. As a result, the graph has
1937 edges with 442 nodes.

Then, it is determined that the final position for the body of the robot, which is
desired to be at (xg, }f ) = (0.25,0.45) m, corresponds to the region enclosed by
(10,15,17,18) holds. Therefore, we this pose is assigned as the goal to the task

planner.

The multi-shot ASP Task Planning computes a solution wit minimum makespan
of 9 time steps in around 1 second. A plan, with its history, is presented in the
following form

holds (pose (0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

(
occurs (move(pose (0,6,7,9)),1) holds(pose(5,6,7,9),3)
occurs (move(pose(5,6,7,9)),2) holds(pose(5,6,7,15),4)
occurs (move(pose(5,6,7,15)),3) holds(pose(5,7,12,15),5)
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occurs (move(pose(5,7,12,15)),4) holds(pose(5,12,14,15),6)
occurs (move(pose(5,12,14,15)),5) holds(pose(10,12,14,15),7)
,6) holds(pose(10,12,15,17),8)
,7) holds(pose(10,12,17,18),9)
,8) holds(pose(10,15,17,18),10)

(

(

occurs (move(pose(10,12,14,15)

occurs (move(pose(10,12,15,17)
(

occurs (move(pose (10,12,17,18)

—_— — — —

occurs (move(pose(10,15,17,18)),9)
Optimization: 630
OPTIMUM FOUND
Models : 4
Optimum . yes
Optimization : 630
Calls 11
Time : 1.246s (Solving: 0.01s 1st Model: 0.01s Unsat: 0.00s)
CPU Time : 1.246s

Starting from the initial state o9 = (9,3,0,2), we can decode the output of the ASP
solution. Then the sequence of states that the robot follows by the plan above can

be extracted as follows:

¥ ={(9,3,0,2),(9,3,0,6),(9,7,0,6),(9,7,5,6),
(15,7,5,6),(15,7,5,12),(15,14,5,12), (15,14, 10, 12)

(15,17,10,12),(18,17,10,12),(18,17,10,15)}

Fig. 5.5 presents snapshots from the animation of the robot. As described in the
problem, the robot is desired to move from lower part of the environment to the
top. Shaded regions on each figure represents the support polygon where the center

of mass of the robot should lie to ensure balance.

5.1.2.1 Not Optimum Task Plan

This problem instance is solved without any optimization in Task Planning. There-

fore, the related ASP program gives four different plans, with their histories, as

29



.0 4
.00 005 010 015 020 025 030 035 040

(a)

0.0
000 005 010 015 020 025 030 035 040

08
07
19 20
06
17
05 N
16
13
04
10
03
<7
7
02
5
~
3
01
0

0.0
000 005 010 015 020 025 030 035 0.40

0.0
000 005 010

0.0+
000 005 010

08
07
19
06
05 AN
16
13
04
03
7
02
3
01

0.0 4
000 005 010

015 020 025 030 035 040

(b)

08 1

07

06

05

04

03

02

01

.0 +
000 005 010 015 020 025 030 035 0.40

0.8
0.7

19
0.6
05

16

13

04
03

7
0.2

3
01

AN
0o 1

015 020 025 030 035 040

(f)

015 020 025 030 035 040

00
000 005 010 015 020 025 030 035 040

081
07
19
06
05 \N
16
13
04
03
7
02
3
01

0.0+
000 005 010 015 020 025

(k)

030 035 040

07

06

04

03

01

00+
000 005 010 015 020 025 030 035 040

08 7
07
19
06
05
16
13
04
03
<7
7
02
~
3
01

00
000 005 010 015 020 025 030 035 040

081

05

13
0.4

02

01

00+
000 005 010 015 020 025 030 035

Figure 5.5 Snapshots for the motion plan of the second scenario
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presented below. Note that the Answer 4 is our the optimum plan. In order to show

the affect of the optimization, lets choose another plan such in Answer 1.

Answer: 1

holds (pose(0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

occurs (move(pose(0,6,7,9)),1) holds(pose(5,6,7,9),3)

occurs (move(pose (5,6,7,9)),2) holds(pose(5,6,7,15),4)

occurs (move(pose (5,6,7,15)),3) holds(pose(5,7,11,15),5)
occurs (move(pose (5,7,11,15)),4) holds(pose(5,11,13,15),6)
occurs (move(pose(5,11,13,15)),5) holds(pose(10,11,13,15),7)
occurs (move(pose(10,11,13,15)),6) holds(pose(10,11,15,17),8)
occurs (move(pose(10,11,15,17)),7) holds(pose(10,11,17,18),9)
occurs (move(pose(10,11,17,18)),8) holds(pose(10,15,17,18),10)
occurs (move(pose(10,15,17,18)),9)
Answer: 2

holds (pose(0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

occurs (move(pose (0,6,7,9)),1) holds(pose(5,6,7,9),3)

occurs (move(pose (5,6,7,9)),2) holds(pose(5,6,7,15),4)
occurs (move(pose(5,6,7,15)),3) holds(pose(5,7,12,15),5)
occurs (move(pose (5,7,12,15)),4) holds(pose(5,12,14,15),6)
occurs (move(pose(5,12,14,15)),5) holds(pose(10,12,14,15),7)
occurs (move(pose(10,12,14,15)),6) holds(pose(10,12,14,18),8)
occurs (move(pose(10,12,14,18)),7) holds(pose(10,14,15,18),9)
occurs (move(pose(10,14,15,18)),8) holds(pose(10,15,17,18),10)
occurs (move(pose(10,15,17,18)),9)

Answer: 3

holds (pose(0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

occurs (move(pose (0,6,7,9)),1) holds(pose(5,6,7,9),3)

occurs (move(pose (5,6,7,9)),2) holds(pose(5,6,7,15),4)

occurs (move(pose(5,6,7,15)),3) holds(pose(5,7,12,15),5)
occurs (move(pose(5,7,12,15)),4) holds(pose(5,12,14,15),6)
occurs (move(pose(5,12,14,15)),5) holds(pose(10,12,14,15),7)
occurs (move(pose(10,12,14,15)),6) holds(pose(10,12,14,18),8)
occurs (move(pose(10,12,14,18)),7) holds(pose(10,12,17,18),9)
occurs (move(pose(10,12,17,18)),8) holds(pose(10,15,17,18),10)
occurs (move(pose(10,15,17,18)),9)

Answer: 4

holds (pose(0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

occurs (move(pose (0,6,7,9)),1) holds(pose(5,6,7,9),3)

occurs (move(pose (5,6,7,9)),2) holds(pose(5,6,7,15),4)

occurs (move(pose (5,6,7,15)),3) holds(pose(5,7,12,15),5)
occurs (move(pose(5,7,12,15)),4) holds(pose(5,12,14,15),6)
occurs (move(pose(5,12,14,15)),5) holds(pose(10,12,14,15),7)
occurs (move(pose(10,12,14,15)),6) holds(pose(10,12,15,17),8)
occurs (move(pose(10,12,15,17)),7) holds(pose(10,12,17,18),9)
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occurs (move(pose(10,12,17,18)),8) holds(pose(10,15,17,18),10)
occurs (move(pose(10,15,17,18)),9)

SATISFIABLE

Models 4

Calls 11

Time : 1.371s (Solving: 0.01s 1st Model: 0.01s Unsat: 0.00s)
CPU Time : 1.371s

Then the sequence of states that the robot follows by the plan for Answer 1 can be

extracted as follows

¥ ={(9,3,0,2),(9,3,0,6),(9,7,0,6),(9,7,5,6),
(15,7,5,6),(15,7,5,11),(15,14,5,11),(15,14,10,11),

(18,14,10,11),(18,17,10,11),(18,17,10,15)}

The snapshots for the not optimal task plan are presented in Fig 5.6. As one
can see, the robot cannot go to the next state after the state (15,7,5,11) because
when the robot releases its left front leg, the stable region will be a darker shaded
area in Fig. 5.61. Since this area is too narrow, the robot should not move in this
configuration. Hence, the task planner should avoid this edge on the graph. If the
hybrid planner encounters such a case, and the motion planner cannot find a motion
plan, it calls the replanning loop that cuts the edge on the feasibility graph and gives

guidance to the task planner.
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5.1.3 Scenario 3: A Higher and Wider Free Climb

The third scenario is an expanded version of the second scenario, where the envi-
ronment is wider. As shown in Figure 5.7, the hold of previous environment are

mirrored to study the scalability of our method.

Third Climbing Environment

0.8
07|
0.6 h ‘v .r-‘jr -. ‘/‘--

051 %

0.3
024

0.1

0.0 T T T T T T T
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

x [m]

Figure 5.7 Third Climbing Environment

The robot is assigned to move from lower left side of the wall to the upper right side
of the wall. In other words, it moves through the diagonal. The initial state is o9 =

(9,3,0,2), and the final position for the pelvis of the robot, (II]:, Zf) = (0.60,0.45) m.

Using Eqn. (4.1), there are 2686320 states to be checked.

H=1{0,1,...,41}

42!
n _H __ 42 _ _
n(X)="P,="P; = 7(42 — ) = 2686320

The number of feasible states reduces after each feasibility check as follows:

o State Validator: 54096,
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o Leg Crossing: 5812.

For the graph construction,

63187 feasible transitions exist,

7804 of them are unique,

7352 of them satisfy the Reachability Check, and

6396 of them satisfy the Stability Check.
As a result, the graph has 6396 edges with 1387 nodes.

The final position for the body of the robot, which is desired to reach (xg yl) =
(0.60,0.45) m, corresponds to the region enclosed by (33,37,38,39) holds. Therefore,

we can give this pose as the goal to the task planner.

The multi-shot ASP Task Planning computes a solution with minimum makespan
of 15 time steps in about 24 seconds. A plan, with its history, is presented in the
following form

holds (pose(0,2,3,9),0) holds(pose(0,3,6,9),1)

occurs (move(pose (0,3,6,9)),0) holds(pose(0,6,7,9),2)

1) holds(pose(5,6,7,9),3)

2) holds(pose(5,6,7,12),4)
3) holds(pose(5,6,12,15),5)

(
occurs (move(pose (0,6,7,9)),
occurs (move(pose (5,6,7,9))
occurs (move(pose (5,6,7,12)),
),4) holds(pose(6,9,12,15),6)
),5) holds(pose(6,9,15,34),7)
occurs (move(pose (6,9,15,34)),6) holds(pose(9,15,31,34),8)

(
( :
( )
occurs (move(pose(5,6,12,15)
( )
(
occurs (move(pose(9,15,31,34)),7) holds(pose(12,15,31,34),9)
(
(
(
(
(
(

occurs (move(pose (6,9,12,15

occurs (move(pose(12,15,31,34)),8) holds(pose(12,15,31,38),10)
occurs (move(pose(12,15,31,38)),9) holds(pose(12,31,37,38),11)
occurs (move(pose(12,31,37,38) holds (pose(12,36,37,38),12)
occurs (move(pose(12,36,37,38) holds (pose(32,36,37,38),13)

10)
11)
,12) holds(pose(32,37,38,39),14)
13)
14)

occurs (move(pose (32,36,37,38)
occurs (move(pose (32,37,38,39)
occurs (move(pose (33,37,38,39)

)
)
)
)
) holds (pose(33,37,38,39),15)
)

Optimization: 627

OPTIMUM FOUND

Models : 6
Optimum : yes
Optimization : 627
Calls : 16
Time : 22.807s (Solving: 0.53s 1st Model: 0.04s Unsat: 0.37s)
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CPU Time : 22.805s

Then the sequence of states that the robot follows by the plan above can be extracted

as follows

¥ = {(9,3,0,2),(9,3,0,6),(9,7,0,6),(9,7,5,6),(12,7,5,6),(12,15,5,6),(12,15,9,6),
(34,15,9,6), (34,15,9,31), (34, 15,12,31), (38,15, 12,31), (38,37,12,31), (38,37, 12, 36)

(38,37,32,36), (38,37,32,39), (38,37,33,39) }

Fig. 5.8 presents snapshots from the animation of the robot. As described in the
problem, the robot is moving from left lower corner to the right upper corner. Shaded
regions on each figure represents the support polygon where the center of mass of

the robot should lie to ensure balance.

At the initial attempt for this planner, the motion planner couldn’t find a fea-
sible continuous trajectory for the robot moving on edge(pose(12,36,37,38),
pose(35,36,37,38), 76). This can be related the configuration of the robot at
pose(12,36,37,38), or the distance to the goal in configuration space is too large
such that the planner couldn’t reach. Or, the motion planner couldn’t find any goal
configuration for pose(35,36,37,38). Therefore, the replanning loop is called and
it removed this edge from the feasibility graph. The plan presented in Fig 5.1.3 is

the result of the second attempt.
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5.1.4 Scenario 4: Scenario with a Must-be-visited Region

This scenario is the climbing environment with the Higher and Wider Free Climb
scenario, but there is a must-be-visited region (waypoint) where the robot should
visit before it reaches the goal location. The main target is to show that the task

planner can solve complex planning problems.

The same feasibility analysis is made as it is the same climbing environment with the
Section 5.1.3, but the goal region defined at (xg , ZJ; ) = (0.60,0.45) m corresponding
to the state (29,33,36,37), and the waypoint at W = {(z},49)} = {(0.60,0.15)} m.
The scenario is shown in Fig. 5.9. The blue and the green circles represent the

waypoint and the goal, respectively.

08 Third Climbing Environment with a Must-be-visited Region
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Figure 5.9 Third Climbing Environment with a Must-be-visited Region

The feasibility analysis of the environment is same as shown in Section 5.1.3 because
the environment and the robot is same. However, a small modification to Task
Planning is done in order to plan with the waypoint. First define the waypoint/1

predicate representing the waypoint pose on the feasibility graph,

waypoint(P).
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Then, make sure that the plan contains the waypoint W at anytime, by the following
constraint,

< query(t),waypoint(WW),not holds(W, ).

Then, the optimum plan, with its history, is presented in the following form,

holds (pose(0,2,3,9),0) holds(pose(0,2,8,9),1)
occurs (move(pose(0,2,8,9)),0) holds(pose(2,4,8,9),2)
occurs (move(pose (2,4,8,9)),1) holds(pose(2,4,8,24),3)
occurs (move(pose(2,4,8,24)),2) holds(pose(2,4,24,28),4)
occurs (move(pose(2,4,24,28)),3) holds(pose(2,6,24,28),5)
occurs (move(pose (2,6,24,28)),4) holds(pose(2,6,28,29),6)
occurs (move(pose (2,6,28,29)),5) holds(pose(6,25,28,29),7)
occurs (move(pose (6,25,28,29)),6) holds(pose(22,25,28,29),8)
occurs (move(pose (22,25,28,29)),7) holds(pose(22,27,28,29),9)
occurs (move(pose (22,27,28,29)),8) holds(pose(26,27,28,29),10)
occurs (move(pose (26,27,28,29)),9) holds(pose(26,27,28,33),11)
occurs (move(pose (26,27,28,33)),10) holds(pose(26,27,33,36),12
occurs (move(pose (26,27,33,36)),11) holds(pose(27,31,33,36),13
occurs (move(pose (27,31,33,36)),12) holds(pose(29,31,33,36),14

( ),13) (

),14)

—_ — — —

occurs (move(pose (29,31,33,36) holds (pose(29,33,36,37),15
occurs (move(pose (29,33,36,37)

,13
,14
Optimization: 786

OPTIMUM FOUND

Models 4
Optimum : yes

Optimization : 786

Calls : 16
Time : 50.154s (Solving: 25.96s 1st Model: 2.20s Unsat: 21.03s)
CPU Time 1 50.132s

Then the sequence of states that the robot follows by the plan above can be extracted

as follows

5 ={(9,3,0,2),(9,8,0,2),(9,8,4,2),(24,8,4,2),
(24,28,4,2),(24,28,6,2),(29,28,6,2), (29, 28,6, 25),
(29,28,22,25), (29,28,22,27), (29,28, 26,27), (33,28,26, 27),

(33,36,26,27), (33,36,31,27), (33,36,31,29),(33,36,37,29) |

The optimum result after obtained with RRT* solution is presented in Fig. 5.10
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5.1.5 Scenario 5: Scenario with Two Robots

This scenario is the climbing environment with the Higher and Wider Free Climb

scenario, but there are two robots starting from lower corners to traverse diagonals.

The same feasibility analysis is made as it is the same climbing environment with

the Section 5.1.3, but goal regions defined at (:17]];, ;j;) = (0.60,0.45) m, and (xzj;,yf) =

(0.25,0.45) m, respectively as presented in Fig. 5.11.

o8 Third Climbing Environment for Two Robots
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Figure 5.11 Third Climbing Environment with Two Robots

Then, the optimum plan, with its history, is presented in the following form,

holds (1,pose(0,2,3,9),0)

holds (2,pose(23,27,29,30),1)

holds (1,pose(0,3,6,9),1)
holds (1,pose(0,6,7,9),2)
holds
holds
holds (1, pose(5,6,7,9),3)

2, pose (24,27,29,30),2)
2,pose(24,27,28,30),3)

holds (2,pose(22,23,27,30),0)

occurs (2 ,move(pose(23,27,29,30)),0)
occurs (1 ,move(pose(0,3,6,9)),0)
occurs (1 ,move(pose(0,6,7,9)),1)

occurs (2 ,move(pose(24,27,29,30)),1)
occurs (2 ,move(pose (24,27,28,30)),2)
occurs (1 ,move(pose(5,6,7,9)),2)

occurs (1 ,move(pose(5,6,7,12)),3)

holds (2,pose(24,27,28,31) ,4)

(
(
(
(
(
(
(
(
(
holds (2,pose(24,26,28,31),5)

occurs (2 ,move(pose (24,27,28,31)),3)
occurs (2 ,move(pose (24,26,28,31)) ,4)

holds (1,pose(5,6,12,15),5) occurs(1,move(pose(5,6,12,15)),4)

holds (1,pose(6,11,12,15),6) occurs(1,move(pose(6,11,12,15)),5)
holds (2,pose(9,24,26,31),6) occurs(2,move(pose(9,24,26,31)),5)
holds (2,pose(9,12,24,26),7) occurs(2,move(pose(9,12,24,26)),6)
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holds (1,pose(6,11,15,34),7) occurs(1,move(pose(6,11,15,34)),6)

holds (1,pose(11,15,31,34),8) occurs(1,move(pose(11,15,31,34)),7)

holds (2,pose(6,9,12,26),8) occurs(2,move(pose(6,9,12,26)),7)

holds (2,pose(6,9,11,26),9) holds(1,pose(12,15,31,34),9)

occurs (1 ,move(pose(12,15,31,34)),8) occurs(2,move(pose(6,9,11,26)),8)
holds (2,pose(6,9,11,34),10) holds(1,pose(12,15,31,38),10)

occurs (1,move(pose(12,15,31,38)),9) occurs(2,move(pose(6,9,11,34)),9)
holds (2,pose(6,9,15,34),11) holds(1,pose(12,31,37,38),11)

occurs (1 ,move(pose(12,31,37,38)),10) occurs(2,move(pose(6,9,15,34)),10)
holds (2,pose(6,10,15,34),12) holds(1,pose(12,36,37,38),12)

occurs (1 ,move(pose(12,36,37,38)),11) occurs(2,move(pose(6,10,15,34)),11)
holds (2,pose(10,12,15,34),13) holds(1,pose(35,36,37,38),13)

occurs (1 ,move(pose (35,36,37,38)),12) occurs(2,move(pose(10,12,15,34)),12)
holds (2,pose(10,12,17,34),14) holds(1,pose(35,37,38,39),14)

occurs (1 ,move(pose(35,37,38,39)),13) occurs(2,move(pose(10,12,17,34)),13)
holds (2,pose(10,12,17,18),15) holds(1,pose(33,37,38,39),15)

occurs (1 ,move(pose (33,37,38,39)),14) occurs(2,move(pose(10,12,17,18)),14)
Optimization: 1334

OPTIMUM FOUND

)
(

Models 4
Optimum : yes

Optimization : 1334

Calls : 16
Time : 63.326s (Solving: 1.54s 1st Model: 0.18s Unsat: 0.31s)
CPU Time : 63.280s

The set of states that the first robot follow is described as follows:

Yo ={(9,3,0,2),(9,8,0,2),(9,8,4,2),(28,8,4,2),(28,9,4,2),
(28,9,4,26),(28,9,6,26),(31,9,6,26), (31,34,6,26),
(35,34,6,26), (35,34,12,26), (36,34,12,26), (36,34, 12,32),

(36,38,12,32), (36,38,37,32), (39,38,37,32), (39,38,37,33) |

The set of states that the second robot follow is described as follows:

¥y = {(27,30,22,23), (27,30,24,23), (27,30,24,25), (27,31,24,25), (32, 31,24,25),
(32,31,24,29),(32,12,24,29), (32,12,28,29), (37,12, 28,29),
(37,12,28,31),(37,15,28,31),(37,15,11,31), (18,15,11,31),

(18,15,11,34), (18,17,11,34), (18,17,10,34), (18,17, 10, 15) }
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Figure 5.12 Snapshots for the task plan of the scenario with two robots
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5.2 Results and Discussion

Table 5.1 summarizes the results for the sample scenarios.

e An increase in the number of holds expands the planning environment. Hence,
it causes more nodes and edges, which requires more time in feasibility analysis

and task planning.

o The first scenario is about horizontally climbing action. Comparing it to the
second scenario performing a vertical climb, the makespan in the first scenario
is larger. This is because in the first scenario, the robot plans to visit all holds,

whereas in the second scenario, the planner decides to visit some holds.

o Optimum path lengths are obtained using the RRT* algorithm. The opti-
mization function is chosen as the default function, which is the path length
value. The results are proportional to the makespan because more plan time

step causes more motion planning duties, creating larger path length.

o Average path lengths and planning times are average values of RRTCONNECT
algorithm results. The standard deviation results are in parenthesis. The
average path lengths are higher than in optimum ones because the optimum

planner is tasked to minimize the path lengths in the desired time limit.

e The scalability of our method depends also on the size of the problem instances:
more nodes and edges in feasibility graphs cause an increase in computation

time spent for feasibility analysis, task planning, and motion planning.

e The example with obstacles shows that the proposed approach handles cases
where there is no feasible continuous trajectory for an initial task plan, and
thus the replanning loop is called to find a new task plan on the feasibility
graph.
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6. CONCLUSIONS

We have presented a hybrid planning approach for free climbing robots that combines
high-level representation and reasoning with low-level geometric reasoning, motion

planning, balance, and actuator feasibility checks.

Our method first computes a feasibility graph considering balance and reachability
constraints for the robot. The approach relies on a high-level reasoner to compute
a sequence of poses on the feasibility graphs. The high-level reasoner enables our
approach to solve optimal plans with must-be-visited poses (waypoints) must-be-
avoided poses to achieve more complex tasks. Furthermore, our reasoner-based ap-
proach enables the easy extension of our method to accommodate multiple climbing

robots.

Once a sequence of poses are computed, our method also calls for a sampling-
based motion planner to compute collision-free continuous trajectories that ensure
robot balance. Our motion planner is based on single-shot RRT-based methods
and considers kinematic constraints due to the arms of the robots forming a closed-
kinematic chain. This enables our motion planner to simultaneously move the body
and arms of the robot to reach the desired pose, significantly improving the feasibility

of motion plans.

Most importantly, our hybrid planning approach features bilateral interaction be-
tween high-level reasoning and feasibility checks. The high-level reasoner guides the
motion planner by finding an optimal task-plan; if there is no feasible kinematic/-
dynamic/controls solution for that task-plan, then the feasibility checks guide the

high-level reasoner by modifying the planning problem with new constraints.

Our experimental evaluations indicate that challenging instances with multiple
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climbing robots, waypoints, and obstacles can be solved with the proposed hybrid
planning approach. Moreover, the approach can scale well to solve large problem

instances that can capture realistic problems in real life.

Future works include integration of more efficient methods for computation of fea-
sible configurations at goal states (Dabbour, Erdem & Patoglu, 2019). It is also a
tighter integration between task and motion planning such that the time available

for each motion planning query is also guided by the task planner.

Extensions of our work include generalizations of the hybrid planning approach to
3D environments and holds with more complex shapes. Note that an extension to
3D environments is relatively easy, as motion planning and task planning remain the
same, whereas feasibility analysis needs to be modified. These changes are concerns

of low-level geometric reasoning, and they can easily be represented in 3D.
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APPENDIX A

Multi-Shot Answer Set Programming Formalism

Listing A.1 Task Planning code to be solved with CLINGO 5.4.4

% Incremental Clingo
#include <incmode>.

% Include the input file
#include "input.lp".

% Separate the encoding into a static part

#program base.

% Define vertices to define actions from the input edges
vertex (X) :— edge(X, _, ).
vertex (Y) :— edge(_, Y, _).

% Assign the initial case to holds
holds(C, 0) :— init (C).

% A specification of state tramsition, t > 0
#program step (t).

% Dynamic Programming

% 1. Actions are exogenous

% Generate an action to move a vertexr from the current vertex

% through the edge.

{occurs (move(P2), t—1) : edge(Pl, P2, W)} <=1 :— holds(P1, t—1),
vertex (P1).

% 2. Direct effects of actions

% At mext time step the pose will be changed if

% the robot previously at a pose and there is

% an edge connecting them and the action move/1 occurs

holds (P2, t) :— holds(P1l, t—1), occurs(move(P2), t—1),
edge (P1, P2, W).
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% 3. Preconditions of actions
% The robot arm cannot be moved to the same position where it is.

:— occurs (move(P), t—1), holds(P, t—1).

% The robot cannot move to a location where there is no edge.
:— not edge(P1l, P2, ), holds(Pl, t—1), occurs(move(P2), t—1).

% 4. FExistence and Uniqueness of value
% At each time instant, a pose must be unique.
:— #count{P : holds(P, t)} != 1.

% 5. Inertia
{holds (P, t)} :— holds(P, t—1).

% A part for checking the goal situation and state constraints.
%t >= 0
#program check (t).

% Test

:— query(t), goal(C), not holds(C, t).

% 7. Optimize the cost of the final plan

#minimize{W : edge(P1l, P2, W), holds(P1, t—1), holds (P2, t)}.

% Finally, Show the plan
#show holds / 2.
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APPENDIX B

Case 1: Constraint equations when all legs are contacting

Constraint equations contain nonlinear equations that should satisfy the equality to
the zero vector.

Fla) =0 (B.1)

The set of the constraint equations for the case where all four legs of the robot is
contacting to their holds such that the body is allowed to move:

xp +1cos(yo+0p) + 11 cos(yo + 0y +0o) + Iz cos(yo +0p +0g+01) — 2,5 =0
Yp +rsin(yo +0p) + Iy sin(yo +0p + 6o) +lasin(yo +0p +6p+01) —yp =0
Tp+1cos(y1 4 0p) + 11 cos(y1 + 6 +02) +lacos(y1 + 6, +02403) —2;7, =0
yp +rsin(yr +0p) + lisin(y + 0, +62) + losin(y1 +0p + 024+ 03) =y =0
(

)~ (B.2)
xp+1rcos(y2+0p) + 11 cos(ya + 0y + 04) + lacos(ya + 0y + 04+ 05) — ) =
)_

=0
Yir = 0
xp+1cos(y3+0p) + 11 cos(y3 + 0, +06) + l2cos(y3 + 6, + 06+ 07) — 2, =0

yp +rsin(ye +6,) + i sin(y2 + 0y + 04) + lasin(y2 + 0, + 04 + 05

Yp +rsin(y3 +0p) +lisin(y3 +0p + ) + lasin(y3 + 0, + 06+ 07) — yrr =0

The related Jacobian matrix can be derived by taking the partial derivative of the
function F(q):

T= 54 (B.3)
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that is the following matrix format:

Jil J12

J2,1 J2.2

0

0

0

Jr7 1.8
0 Jjg7 Jgsg
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Ji11

J2,11

J7.11

J8.11]

(B.4)



where

Ji1= -1l Sin('70 + Qp + 90) — 9 Sin(’m + 9p + 6o+ 91)
J12= -l sin(70 + Qp + 60+ 01)
J1,11 = —rsin(yg +6,) — lisin(yo + 0 + 6p) — lasin(yo + 0, + 0o+ 61)

J2,1 = licos(yo+ 0, +6p) + 12 cos(vo+ 0, + 0+ 61)
J2,2 = Iy COS(’yo + 6,, + 60y + 91)
J2,11 = rcos(yo+6p) + 11 cos(yo+ 60, +6p) + 12 cos(yo + 0+ 60+ 61)

j3,3 =—l Sin(’71 + Qp + 92) — 19 sin(m + 9p + 69 + 93)
J3.4 = —lasin(y1 + 60,4602 +63)
j3711 =—-T Sin(’yl + ep) -l sin('yl + Qp + 92) —19 sin(’yl + Qp + 6y + 93)

Ja,3 = licos(y1+0,+62) +1acos(y1 + 0y + 02+ 63)
Jaa=1lo cos(y1 + 0y + 062+ 0s)
Ja1 =rcos(y1 +6p) + 1 cos(y1 + 60, +62) + 12 cos(y1 + 0, + 02+ 63)

J5,5 = —l1sin(y2 + 0, 4 04) — lasin(ye + 6, + 04+ 05)
J5,6 = —lasin(y2 + 0, + 04+ 65)
j5,11 = —-T Sin(’)/z + Hp) -l Sin(’yg + 9p + 94) — 1y Sin(’}/Q + (9p + 94 + 95)

j675 =0 COS(’yQ + Qp + 84) + 1y COS(’}/Q + Qp + 04+ «95)
J6,6 = lacos(y2+ 0, + 04+ 05)
J6,11 = rcos(ya +6,) + 11 cos(y2 + 0, +04) + 1o cos(y2 + 0, + 04+ 05)

j7’7 = sin(’yg + 9p + 96) —1y sin(’yg + 9p + 0 + 97)
J78 = —ls Sin(’yg + 9p + 0 + «97)
j7’11 =—r Sin('Y3 + ep) -l sin(% + 9p + 96) — 1y sin(vg + Hp + 0 + 97)

j877 =1 COS(73 + 9p + 96) + 1y COS(’73 + Qp + 06 + 6’7)

Jjg,8 = lo COS(’YS + (9p + 0 + €7)
Jg,11 = rcos(y3+6,) + 11 cos(y3+ 0, +0s) + 12 cos(y3 + 0, + 0+ 07)
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Case 2: Constraint equations when all legs are contacting except the right

front leg

Constraint equations contain nonlinear equations that should satisfy the equality to

the zero vector.

F(q)=0 (B.5)

The set of the constraint equations for the case where three legs of the robot are
contacting to their holds such that the body and the right front leg are allowed to

move:

xp+1cos(y1 +0p) + 1y cos(y1 +0p +02) +lacos(y1 + 0y +024-03) — 21 =0
Yp+rsin(y1 +6p) + i sin(yy + 0y +02) + losin(y1 + 6, + 62 +63) —y;p =0
Yo+ 60p+0s+65) — 1y,

Yp +rsin(y2 +6,) + L1 sin(ya + 0, + 04) + losin(yo + 6, + 04+ 05) — yir
xp+1cos(y3+0p) + 11 cos(y3 + 0, 4 06) + la cos(y3 + 0y + 06+ 07) — 2r =0
Yp +rsin(yz+60,) + 1 sin(yz + 0, + 0g) + losin(y3 + 0, + 06 +07) — ypr =0

(
xp+1cos(y2+0p) + 11 cos(y2 + 0y + 04) + 12 cos( =0 (B.6)
-0 '

The related Jacobian matrix can be derived by taking the partial derivative of the

function F(q):

that is the following matrix format:

00 5n3 j1a 0 0 0 0 1 0 jin
00 jo3 jea O O 0 O 0 1 jou1
J_ 00 O 0 J35 Jse O 0 1 0 jsu (B.8)
00 0 0 Jas jase 0 0 0 1 jumn
00 0 0 0 0 ygs7 558 1 0 jsu1
_O 0 0 0 0 0 J67 Jes 0 1 j6,11_
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where

J13= -1l Sin(’}/l + Qp + 92) — 1y Sin(’ﬂ + 9p + 69 + 93)
J14= -l Sin(’)/l + Qp + 69 + 93)
J1,11 = —rsin(y1 +6p) — l1sin(y1 + 6, 4 02) — lasin(y1 + 6, + 02 + 63)

Jo2,3 = licos(y1 + 0, +62) + 1o cos(y1 + 0, + 02+ 63)
Jo.a=1lo cos(y1 + 0y + 02+ 0s)
Jo,11 = rcos(y1 +6p) + 1 cos(y1 + 60, +62) + 12 cos(y1 + 0, + 02+ 63)

J35 = -l Sin('72 + Qp + 94) — 1y Sin(’m + Qp + 04+ 95)
J3,6 = —lasin(y2 + 0,404 +05)
J311 = —rsin(y2+0,) — l1sin(y2 + 0, + 04) — lasin(y2 + 0, + 04+ 05)

Jas =licos(ya+0,+604) +1acos(y2+ 0+ 04+ 65)
Jae =2 cos(y2 + Op+ 04+ 05)
Ja1 =rcos(y2+6p) +1icos(y2+ 0, +604) + 12 cos(y2 + 0y + 04+ 05)

j5,7 =—[ sin(73 + 9p + 96) — 9 Sin(’}/;), + 9p + 06 + 97)
J5,8 = —l9 Sin(’yg + Qp + 0 + (97)
Js11 = —rsin(yz3+0,) — l1sin(y3 + 0, + 0g) — lasin(y3 + 0, + 0 + 07)

J6,7 = l1cos(y3+0,+60s) + 12 cos(y3 + 0y + 0+ 07)

Jo.8 = lacos(y3+ 0y + 66+ 07)
J6,11 = 1 cos(y3 +0p) 411 cos(y3 4 0, + 0g) + l2 cos(y3 + 0, + 06 + 07)
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Case 3: Constraint equations when all legs are contacting except the left

front leg

Constraint equations contain nonlinear equations that should satisfy the equality to

the zero vector.

F(q)=0 (B.9)

The set of the constraint equations for the case where three legs of the robot are

contacting to their holds such that the body and the left front leg are allowed to

move:
Zp +1cos(y0 + Op) + 11 cos(yo + 0+ 00) + L2 cos(yo + 0p + 00+ 61) — 2,7 =0
yp +rsin(yo+6p) + lisin(yo + 0y + 6o) + lasin(yo + 0y + 6o+ 61) — yrp =0

xp+1cos(y2+0p) 411 cos(y2 + 0y +04) + 2 cos(y2 + 0y + 04+ 05) — x5
Yp +rsin(ye +0p) +l1sin(y2 4+ 0p +04) + l2sin(y2 + 0, + 04 +05) — yp,r
xp+1cos(y3+0p) 4 11 cos(y3 + 0, + 06) + l2 cos(y3 + 0y + 06+ 07) —2r =0
Yp +rsin(yz+60,) + 11 sin(y3 + 0, + 06) + losin(y3 + 0, + 06+ 07) — ypr =0

=Y (B10)
-0

The related Jacobian matrix can be derived by taking the partial derivative of the

function F(q):

oF
J= " B.11
or (B.11)
that is the following matrix format:
110 ji2 00 0 0 0 0 10 5111
J22 J22 000 0O 0 0O O O 1 jou1
0 0 0 0 g ] 0 0O 1 0 g4
J— 735 736 J3,11 (B.12)
0O 0 00 ja5 jas 0 0 0 1 jsa11
0 0 00 0 0 jsz jss 1 0 jsi
00 00 0 0 Jer Jeg O 1 Jeu1]
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where

Ji1= -1l Sin('70 + Qp + 90) — 9 Sin(’m + 9p + 6o+ 91)
J12= -l sin(70 + Qp + 60+ 01)
J1,11 = —rsin(yg +6,) — lisin(yo + 0 + 6p) — lasin(yo + 0, + 0o+ 61)

J2,1 = licos(yo+ 0, +6p) + 12 cos(vo+ 0, + 0+ 61)
J2,2 = Iy COS(’yo + 6,, + 60y + 91)
J2,11 = rcos(yo+6p) + 11 cos(yo+ 60, +6p) + 12 cos(yo + 0+ 60+ 61)

j3,5 =—l Sin(’72 + Qp + 94) — 19 SiIl(’YQ + 9p + 04+ 95)
J3,6 = —lasin(ya + 0, + 04+ 05)
J311 = —rsin(y2+0,) — l1sin(y2 + 0, + 04) — lasin(y2 + 0, + 04+ 05)

Jas =licos(ya+0,+604) +1acos(y2+ 0+ 04+ 65)
Jae =2 cos(y2 + Op+ 04+ 05)
Ja1 =rcos(y2+6p) +1icos(y2+ 0, +604) + 12 cos(y2 + 0y + 04+ 05)

Js,;7 = —l1sin(y3 + 0, 4 0g) — l2sin(y3 + 0, + 06 + 07)
Js8 = —lasin(y3 + 6, + 60+ 07)
Js11 = —rsin(yz3+0,) — l1sin(y3 + 0, + 0g) — lasin(y3 + 0, + 0 + 07)

J6,7 = l1cos(y3+0,+60s) + 12 cos(y3 + 0y + 0+ 07)

Jo.8 = lacos(y3+ 0y + 66+ 07)
J6,11 = 1 cos(y3 +0p) 411 cos(y3 4 0, + 0g) + l2 cos(y3 + 0, + 06 + 07)

91



Case 4: Constraint equations when all legs are contacting except the left

rear leg

Constraint equations contain nonlinear equations that should satisfy the equality to

the zero vector.

F(q)=0 (B.13)

The set of the constraint equations for the case where three legs of the robot are

contacting to their holds such that the body and the left rear leg are allowed to

move:
Ty +1cos(o + 0p) + 11 cos(yo + 0y +0o) +l2cos(yo +0p +0g 4 01) — 2,5 =0
Yp+1sin(yo +0p) + 11 sin(yo +0p +60o) + lasin(yo + 60, + 0o +01) —yrp =0
xp+1cos(y1+0p) + 11 cos(y1 + 6, +02) +lacos(y1 +0p +02403) —a; =0 (B.14)
Yp +rsin(yr +0p) + 1 sin(y1 + 60, +02) + losin(y1 +0, +024+03) =y =0
xp+1cos(y3+0p) + 11 cos(y3 + 0, + 06) 4 l2 cos(y3 + 0y + 06+ 07) — 2r =0
Yp +rsin(yz+60,) + i sin(y3 + 0, + 06) + losin(y3 + 0, + 06 +07) — ypr =0

The related Jacobian matrix can be derived by taking the partial derivative of the

function F(q):

oF
J=— B.15
o (B.15)
that is the following matrix format:
a0 ji2 00 00 0O 0 10 5111
Jo2 j22 O 0 OO0 O O O 1 jomn
0 0 g ] 00 O 0O 1 0 g4
J= s Jsa 31 (B.16)
0 0 Jaz jag 00 0 0 0 1 jsg11
O 0 0 0 00 js7 558 1 0 Jsu1
00 0 0 00 jer Jes O 1 Jeu1]
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where

Ji1= -1l Sin('70 + Qp + 90) — 9 Sin(’m + 9p + 6o+ 91)
J12= -l sin(70 + Qp + 60+ 01)
J1,11 = —rsin(yg +6,) — lisin(yo + 0 + 6p) — lasin(yo + 0, + 0o+ 61)

J2,1 = licos(yo+ 0, +6p) + 12 cos(vo+ 0, + 0+ 61)
J2,2 = Iy COS(’yo + 6,, + 60y + 91)
J2,11 = rcos(yo+6p) + 11 cos(yo+ 60, +6p) + 12 cos(yo + 0+ 60+ 61)

j3,3 =—l Sin(’71 + Qp + 92) — 19 sin(m + 9p + 69 + 93)
J3.4 = —lasin(y1 + 60,4602 +63)
j3711 =—-T Sin(’yl + ep) -l sin('yl + Qp + 92) —19 sin(’yl + Qp + 6y + 93)

Ja,3 = licos(y1+0,+62) +1acos(y1 + 0y + 02+ 63)
Jaa=1lo cos(y1 + 0y + 062+ 0s)
Ja1 =rcos(y1 +6p) + 1 cos(y1 + 60, +62) + 12 cos(y1 + 0, + 02+ 63)

Js,;7 = —l1sin(y3 + 0, 4 0g) — l2sin(y3 + 0, + 06 + 07)
Js8 = —lasin(y3 + 6, + 60+ 07)
Js11 = —rsin(yz3+0,) — l1sin(y3 + 0, + 0g) — lasin(y3 + 0, + 0 + 07)

J6,7 = l1cos(y3+0,+60s) + 12 cos(y3 + 0y + 0+ 07)

Jo.8 = lacos(y3+ 0y + 66+ 07)
J6,11 = 1 cos(y3 +0p) 411 cos(y3 4 0, + 0g) + l2 cos(y3 + 0, + 06 + 07)
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Case 5: Constraint equations when all legs are contacting except the right

rear leg

Constraint equations contain nonlinear equations that should satisfy the equality to

the zero vector.

F(q)=0 (B.17)

The set of the constraint equations for the case where three legs of the robot are
contacting to their holds such that the body and the right rear leg are allowed to

move:

yp +rsin(yo +0p) + Ly sin(yo + 0 + 6p) + lasin(

xp+1cos(y1+60p) + 1 cos(y1 + 0, +602) + 12 cos(
Yp +rsin(y1 +6,) + i sin(y1 + 0, + 02) + losin(yy + 6, + 02+ 03) —

xp+1rcos(y2+0p) 411 cos(y2 + 0y 4 04) 4 lo cos(y2 + 0y + 04+ 05) — x5
) —

yp+rsin(y2 +60,) +lisin(y2 + 0, + 04) + losin(y2 + 0, + 04+ 05

+0p+ 05+ 03) —
Oy 02t 0s) (B.18)

Yir

The related Jacobian matrix can be derived by taking the partial derivative of the

function F(q):

oF
J=— B.19
d (B.19)
that is the following matrix format:
Jip jiz2 00 0 0 0010 jnn
Jo2 j22 O 0 O 0O 00O 1 jomn
0 0 g ' 0 0O 0010 g
J= s Jsa 31 (B.20)
0 0 Ja3z jaa 0 0 0 0 0 1 jan
0O 0 0 0 Js7 gs8 00 1 0 J511
00 0 0 Jer Jes 0 0 0 1 Jjeu1]
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where

j11 = —lisin(yp + 6, +6o) — lasin(yo + 0y + 0 + 61)
J1,2 = —lasin(yo+ 0, + 00+ 61)
Ji11 = —rsin(yo+0,) — lisin(yo + 0, + 0y) — lasin(yo + 0, + 0+ 61)

J2.1 = l1cos(yo + 0+ 00) + l2 cos(yo + b, + 0o + 61)
J2,2 = lacos(yo+0,+6p+61)
J2.11 = rcos(yo + 0p) + 11 cos(yo + 0+ 0p) + la cos(yo + 0p + 0o + 61)

j3,3 =—l Sin(’71 + Qp + 92) — 19 sin(m + 9p + 69 + 93)
J3.4 = —lasin(y1 + 60,4602 +63)
j3711 = —-r Sin(’yl + ep) -l sin('yl + Qp + 92) —19 sin(’yl + Qp + 6y + 93)

Ja,3 = licos(y1+0,+62) +1acos(y1 + 0y + 02+ 63)
Jaa=1lo cos(y1 + 0y + 062+ 0s)
Ja1 =rcos(y1 +6p) + 1 cos(y1 + 60, +62) + 12 cos(y1 + 0, + 02+ 63)

j5,5 =-0 sin(vz + 9p + 94) — 9 Sin(’}/Q + 9p +04+ 95)
J5,6 = —lasin(y2 + 0, + 04+ 65)
gs,11 = —rsin(y2 +0,) — Iy sin(y2 + 0, + 04) — lasin(y2 + 0, + 04 + 05)

j675 =0 COS(’}/Q + Qp + 84) + 1y COS(’}/Q + Qp + 04+ «95)

J6,6 = lacos(y2+ 0, + 04+ 05)
Jo,11 = 1cos(y2 +60,) 411 cos(y2+ 0y + 04) + 1o cos(ya + 6, + 04+ 05)
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