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Abstract. Integrated and adaptive locomotion and manipulation (IALM) is a
key capability for robots to perform real-world applications in challenging en-
vironments. It requires interleaving many tasks, sometimes simultaneously, and
switching the functions and roles of body components on demand. For exam-
ple, for autonomous assembly in space, a multiple-tentacle single body ”octo-
pus” may have to become a distributed group of ”ant” robots, while a hand-like
end-effector useful in one case may have to function as an anchor foot in a differ-
ent situation. This paper presents a general control framework for coordinating
high-dimensional dexterous locomotion and manipulation in self-reconfigurable
robotic tree structures. The controller is implemented on the SuperBot robotic
system and validated in real-time, high fidelity, physics-based simulation. The
results have shown many promising capabilities in high-dimensional, dynamic
kinematic control for locomotion, manipulation, and self-reconfiguration essen-
tial for future autonomous assembly applications.
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1 Introduction

Real-world applications of robotic systems in challenging environments often demand
extraordinary capabilities. For example, Figure 1 shows a potential high-payoff and
high-risk application for autonomous assembly in space.

To accomplish such challenging tasks, a robotic system must self-assemble large
structures from modular components. It needs to plan its course of actions, transport
pieces from storage to working sites, and manipulate components for alignment, dock-
ing, and secure assembly. To meet these challenges, self-reconfigurable robots may of-
fer some critical advantages over fixed-shape robots. For example, self-reconfigurable
robots may provide on-demand shape optimization, resilience to single-point failures,
and flexible, low-cost launch options. In this paper, we will focus on the capability of
interleaved and even simultaneous IALM.

There are several technical challenges to achieve IALM. Specifically, a robot must
deal with the high numbers of degrees of freedom (DOF) required for dextrous and
precise manipulation, the fact that global configuration information is not at a central
location but distributed among the network of modules, and the fact that interaction
points with the environment such as the location of a hand and a foot are dynamic
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Fig. 1. Autonomous assembly of large surfaces in space using self-reconfigurable robots.

and not completely known in advance. Such challenges make it difficult to directly ap-
ply any traditional manipulation techniques because we cannot assume a fixed ”base”
from which kinematics can be computed and, additionally, the roles of the modules
change dynamically from situation to situation. For example, a ”foot” for walking in
one step may need to become a ”hand” for grasping in the next step. Furthermore,
self-reconfiguration changes the underlying kinematic structure of the tree itself, neces-
sitating novel approaches.

The contributions of this paper include an integrated controller for adaptive and
simultaneous locomotion and manipulation (named loco-manipulation). The configu-
ration information of the robotic tree is distributed throughout the network of modules,
and a ”brain” module is elected dynamically from step to step using local message pass-
ing. High-dimensional and precision manipulation is accomplished via a combination of
the provably-convergent Particle Swarm Optimization (PSO) variant called Branch and
Bound Particle Swarm Optimization [18] (for inverse kinematics) and the RRT-Connect
path planner [8]. This controller enables general tree structures of self-reconfigurable
robotic modules to perform sophisticated locomotion and manipulation tasks simul-
taneously and safely (i.e., without collision). For self-reconfiguration, this controller
computes the joint angles that enable the modules in the tree to self-reconfigure into
a different tree for better performance in loco-manipulation tasks. An efficient, dy-
namic kinematic representation keeps track of the current kinematics of the tree. The
proposed controller is implemented using the SuperBot [14] robotic system concept
and validated in a high-fidelity physics-based simulation for autonomous assembly in
a micro-gravity environment. The results are encouraging, demonstrating that a self-
reconfigurable robotic system is able to change its configuration on-demand, transport
components, and assemble a simple structure at a given working site.

The rest of the paper is organized as follows. Section 2 discusses related work.
Section 3 details the proposed controller with system architecture and sub-system de-
scriptions. Section 4 presents results for integrated and adaptive locomotion and ma-
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nipulation with an application of autonomous assembly in mind, and finally Section 5
concludes the paper with future work.

2 Related Work

Fig. 2. Sample locomotion results. A 6-module, 18-DOF tree structure of SuperBot modules lo-
comotes on the planar ground surface in a given direction by repeatedly anchoring itself to the
ground along the given direction.

A number of modular and self-reconfigurable robot hardware systems have been
proposed, including [10, 17, 3, 13, 20, 14]. In many of these systems, distributed algo-
rithms have been developed for locomotion, manipulation, and self-reconfiguration.
These algorithms tend to be intimately tied to the modules in question and not broadly
applicable. On the other hand, a number of general and powerful algorithms that have
been developed to control modular and self-reconfigurable robot systems. In [9], Moll
et. al proposed a distributed algorithm for controlling the center of mass of arbitrary
kinematic trees of self-reconfigurable modules. Shen et. al proposed a digital hormone
model for controlling self-reconfigurable, modular swarms of robots in [16]. However,
general-purpose IALM is still an open problem.

Manipulation using physically-connected modular robots has been looked at pri-
marily from a low-level control perspective, such as in [6], where control laws were
automatically generated to follow a known reference trajectory, and a hardware per-
spective, such as in [22]. In [21], the self-assembly of robotic manipulators made of
heterogeneous active and passive components is successfully demonstrated, and manip-
ulation is performed with the assembled manipulators. Modules in this work move on a
discrete grid which greatly simplifies locomotion. Additionally, in [1], the cooperative
locomotion and manipulation (transport) of passive components by self-reconfigurable
robot manipulators was successfully demonstrated. In this work, only serial manipula-
tors were used, and locomotion took place on a discretized grid.
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Fig. 3. Sample manipulation results. A 6-module 18-DOF tree structure of SuperBot modules
picks up an object and passes it from one open end-effector to another. This is a behavior never
before demonstrated, even in simulation, on a distributed system of modular robots.

Some recent work outside the realm of modular robotics has focused on controlling
robots with many arms and legs, such as [19]. However, such systems are centralized,
and their kinematic structures are fixed.

The use of Particle Swarm Optimization, particularly to solve the inverse kinemat-
ics problem, has been studied in [11, 12, 5], with encouraging results. The use of PSO
allows for the elimination of the well known pitfalls of traditional Jacobian inverse kine-
matic methods [2] (singularities, poor scaling with DOF, difficulty in applying them to
dynamic situations with kinematic structure changes). This work represents the first
application of Branch and Bound Particle Swarm Optimization [18].

3 Overview of the IALM Controller

3.1 Overview

The proposed controller, Algorithm 1, executes as a distributed behavior independently
and in parallel on each module. Modules have no fixed ID numbers and can only com-
municate with modules physically docked to their connectors. The overall system of
modules is assumed to be a tree structure (no loops), in which a single module is at-
tached to some fixed structure (e.g., the ground). A single module is elected at each step
to (1) map the kinematic structure of the tree from its perspective (see Section 3.2), (2)
compute a set of collision-free joint angles for the tree that solve the next task or subtask
(e.g., picking up an object, see Section 3.3), and (3) plan a collision-free path from the
current joint angles to the goal joint angles. In general, any module could be elected to
be the leader. In this work, the leader is always chosen to be the module currently con-
nected to the ground. This leader is called the kinematic brain. Note that this is purely
for convenience of kinematics computations and more sophisticated leader election or
task protocols, such as those presented in [15], could be used instead.
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Algorithm 1: Overview of the tree control algorithm proposed in this work.
Input:
Tasks: a queue of tasks to perform

1 Function CONTROLTREE()
2 updateTree := ShouldU pdateTree();
3 ProcessIncomingMessages();
4 Brain = AmIConnectedToGround();
5 if Brain == true then
6 if updateTree == true then
7 ClearAndReset(KinMap);
8 KinMap := DiscoverKinematicStructure() ; // Distributed BFS,

Section 3.2

9 else if (Task := GetCurrentTask()) then
10 GoalA := FindGoalAngles(Task); // BBPSOIK, Section 3.3
11 Path := PlanPath(CurrentAngles(),GoalA); // Use RRT-Connect
12 ExecutePath(Path);
13 Trans f erBrainData(DidBrainChange(Task));

First, all messages are processed (Line 3). This happens at all modules. Modules
relay state information (joint angles, connector statuses, etc.) to the current kinematic
brain and listen to the brain’s commands to set their joint angles or dock/undock with
other modules. If the kinematic representation of the tree is out of date (Line 2) – which
occurs, e.g., when the joint angles of any module move more some small pre-specified
amount or a connector’s state changes – then the kinematic representation of the tree is
re-computed by the kinematic brain (Lines 7-8). Finally, with an up-to-date kinematic
map of the structure, the next task or subtask (such as picking up a certain object,
placing an object, locomoting in a certain direction, etc.) is determined based on some
high-level goal (Line 9). These high-level goals are generally generated externally. The
BBPSOIK procedure discussed below in Section 3.3 is used to find an optimal set of
goal joint angles that would perform the desired subtask and meet the necessary error
tolerance to enable successful docking (Line 10). The RRT-Connect path planner is
then used (Line 11) to plan a collision-free motion path from the current joint angles
of the tree to the computed goal angles. This path is then executed (Line 12). Finally,
if the brain is to change based on the execution of the task – the brain changes at each
locomotion step, as a new module connects to the ground – the state information of the
current brain module is transmitted to the new brain module (Line 13).

As an example of generating subtasks from externally generated goals, consider
Figure 3. The externally generated goal is to pick up the object and switch it from one
end-effector to the other open end-effector. The first time Line 9 is hit, the kinematic
brain realizes the object has not been picked up. The generated subtask then becomes
finding a set of joint angles that would align an open end-effector of the tree with the
object to grasp it. Once the object has been grasped, the next subtask would be to find a
set of joint angles that aligned the object precisely with the other open end-effector in
the tree in order for the switch from one effector to the other to occur.
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3.2 Kinematic Structure Discovery

The controller presented here assumes that a forward kinematics model of the mod-
ule types involved in the tree are known to each module. It is convenient if this for-
ward kinematics model is given in the form of two functions to(C,qi) and f rom(C,qi),
where C is any connector face of the module in question, and qi is a set of joint angles
for module i. It is assumed that any pair of connectors can dock to one another at one
pre-specified orientation. Then, these functions give the local homogeneous transfor-
mations to each connector from some specified center pose of the module and from
each connector to the center of the module, respectively (and with respect to the same
coordinate system). q = {qi} is reserved to denote the joint angles of the entire tree as
a set of joint angles of each module.

Given these two functions, it is possible to compute the pose of any module i rela-
tive to some base frame for any tree joint angles q by post-multiplying an alternating se-
quence of these to(C,qi) and f rom(C,qi) transformations along the shortest path from
the brain module – the single module connected to the ground and the most convenient
base module of kinematics calculations – to module i. Assume TG is the pose of the foot
module’s connector that is docked to the ground relative to some base frame (e.g., the
center pose of the foot module). Let LC = {C1,C2, ...,C2k} be the (even-numbered, as
pairs of connectors are involved in docking modules together) list of connectors along
the shortest path from base module 1 to module i in question. Let C0 be the connector
docked to the ground. Then, the relative pose of module 2’s center, for example, is given
by T2 = TG f rom(C0,q1)to(C1,q1) f rom(C2,q2).

Once the poses of every module i, {Ti} in the tree are specified relative to the same
base frame, the pose of any connector of module i can be easily represented in the
same base frame by post-multiplying to the module pose the corresponding to(C,qi)
for the connector in question. This dual-layer kinematic representation makes it easy to
use the poses of module centers for tasks like collision detection while simultaneously
making it easy to generate the pose of any connector in the tree, some of which are
being considered as end-effectors. If each module has these functions for each module
type involved in the system, this can be easily extended to heterogeneous trees. Using
this representation and a distributed breadth-first search procedure, the kinematic brain
module builds a kinematic map of module nodes that represents the kinematic structure
of the tree from the point of view of the current brain module. Each kinematic node
discovered reports its current state values, including its joint angles, end-effector status,
connector statuses, etc. The connector path from the kinematic brain module to each
module in the tree is saved and used subsequently to communicate with specific mod-
ules as needed (e.g., to command them to set their joint angles or connect to an object).
The kinematic map is used for both inverse kinematics calculations (Section 3.3) and
path planning.

3.3 Inverse Kinematics (IK)

Inverse Kinematics as Optimization Assuming, for the moment, that the modular
robot tree in question is simply one centralized system, is quite simple to transform any
IK problem into an optimization problem. Consider workspace goal pose T . Assume
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that a forward kinematics model W = K(q) is given, where q is a vector of the tree’s
joint angles and W is the workspace pose of the end-effector corresponding to joint
angles q. Let C(q) be a collision function which returns 0 if a set of joint angles is
collision free and 1 otherwise. Then, the IK problem can be solved by minimizing:

F(q) = apPerror(q)+aoOerror(q)+acC(q) (1)

In the above equation Perror is the Euclidean position distance between T and W , while
Oerror is some measure of orientation error between T and W . ap and ao are optional
constants weighing the differing importance of Perror and Oerror (as they are measured
on different scales). There are a number of ways to measure Oerror, but, for this work, the
magnitude of difference in Roll-Pitch-Yaw Euler Angles (in degrees) between T and W
is minimized. Eq. 1 can be generalized to the case of multiple end-effectors by summing
up the Perror’s, Oerror’s and collision errors for each end effector and minimizing one
large sum. Multi-objective optimization methods could be used instead, but they are left
for future work.

For the kinematic self-reconfiguration problem, in which a configuration must be
found to align to modular robot connectors for docking, a very similar function can be
minimized. In Eq. 1, Perror and Oerror are error terms relative to a fixed target T . In
the self-reconfiguration problem, there is no fixed target T . Rather, there are two end
effector poses {W1,W2}= K(q) returned by the forward kinematics model and the error
between them must be minimized. By redefining Perror to be the Euclidean position
distance between W1 and W2 and redefining Oerror to be the magnitude of difference
in Roll-Pitch-Yaw Euler Angles (in degrees) between W1 and W2, Eq. 1 can again be
minimized.

Branch and Bound Particle Swarm Optimization Simply put, Branch and Bound
PSO (BBPSO, [18]) is an embedding of PSO within the branch and bound frame-
work [7]. Assuming the global minimum of the function F(Sn) to be minimized is
known (where Sn ⊆ Rn, e.g., the space of possible joint angles subject to joint limits),
PSO is used as a metaheuristic to find the current upper bound αi of each partition,
as the search space is recursively and exhaustively split. The only change required to
the PSO algorithm is that each swarm must search only in the bounds of the partition
element in which it is spawned. The known global minimum value of F is the βi (lower
bound) for each partition. The convergence of the above algorithm to the global min-
imum of F (assuming a known minimum value of F) and the convergence in a finite
amount of time given any positive error ε is theoretically proved in [18].

By minimizing Eq. 1 using the BBPSO framework – note that traditional PSO could
be used instead, but it does not provide global convergence guarantees – in the space of
the joint angles of the tree of modules, one arrives at a globally convergent and optimal
inverse kinematics and kinematic self-reconfiguration solution, which the authors of the
present work call BBPSOIK. The is the first application of the BBPSO algorithm to the
inverse kinematics (IK) problem, which results in the first globally convergent, optimal
inverse kinematics solver applicable in general to modular robots that are physically
connected in tree structures. Note that this claim is due to the fact that the function F in
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Eq. 1 has a known theoretical lower bound minimum of 0, regardless of the number of
end-effectors (provided, of course, the problem has a solution).

4 Results, Validation, and Discussion

4.1 BBPSO as an IK/self-reconfiguration solver (BBPSOIK)

In previous work [4], we evaluated traditional PSO as a high-DOF IK solver. Though the
results were highly encouraging, traditional PSO does not provably converge to globally
optimal solutions. Though it often works well in practice, it is not possible to guaran-
tee a solution of acceptable quality is produced in a finite amount of time using basic
PSO. BBPSO, on the other hand, does provide these theoretical guarantees of solution
quality, which is vitally important in the sort of dangerous environments being consid-
ered. Motivated by this, the authors performed another suite of tests, this time evalu-
ating BBPSOIK as an inverse kinematics (and kinematic self-reconfiguration) solver.
The configurations used (with end-effectors highlighted yellow) are visually shown in
Figure 4.

Fig. 4. The configurations of SuperBot modules used to validate the proposed BBPSOIK solver.
(i) A 4-SuperBot snake (12 DOF, 1 end-effector); (ii) A 5-SuperBot snake (15 DOF, 1 end-
effector); (iii) A 6-SuperBot snake (18 DOF, 1 end-effector); (iv) A 6-SuperBot tree (18 DOF, 2
end-effectors); (v) A 9-SuperBot tree (27 DOF, 3 end-effectors).

For clarity of presentation, the test cases are divided into the following categories
(applicable tree configurations from Figure 4 are given in parentheses):

1. Category I: Solve position and orientation IK for all end-effectors ((i) - (v)).
2. Category II: Solve position and orientation IK for one end-effector((iv), (v)).
3. Category III: Solve position IK for all end-effectors ((i) - (v)).



Integrated and Adaptive Locomotion and Manipulation 9

Config. iii, Category V

Config. V, Category VI

Config. IV, Category I

Config. IV, Category IV

Config. IV, Category III

Objective Function Value vs. Number of Partitions

Number of Partitions

Fig. 5. Example algorithm runs showing monotonic error decreases with the number of active
partitions.

Config.,Category ε−Success ε Avg. Error Avg. Partitions Avg. Runtime

(i), I 96/100 0.004 0.00374 6.7 20.1s
(ii), I 99/100 0.004 0.00374 6.13 19.6s
(iii), I 95/100 0.004 0.00367 6.79 29.2s
(iv), I 46/100 0.05 0.069 18.12 126.1s
(i), III 100/100 0.004 0.00303 1 0.08s
(ii), III 100/100 0.004 0.00291 1 0.13s
(iii), III 100/100 0.004 0.00295 1 0.19s
(iv), III 99/100 0.004 0.00355 3.95 15.4s
(v), III 46/100 0.004 0.0221 15.49 139.1s
(iii), V 94/100 0.006 0.00624 4.91 24.2s

(iv), VII 97/100 0.006 0.00583 4.78 16.4s
(v), VI 87/100 0.006 0.00647 7.26 49.39s
(iv), IV 59/100 0.025 0.037 14.9 100.2s
(iv), II 93/100 0.004 0.00436 7.02 31.4s
(v), II 94/100 0.004 0.00363 5.73 33.5s

Fig. 6. BBPSOIK Results.
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4. Category IV: Solve position IK on one end-effector and position and orientation IK
on the other ((iv)).

5. Category V: Solve kinematic self-reconfiguration problem to reconfigure from con-
figuration (iii) to configuration (iv).

6. Category VI: Solve kinematic self-reconfiguration problem to reconfigure configu-
ration (v) by randomly selecting two end-effectors to connect.

7. Category VII: Solve kinematic self-reconfiguration problem to reconfigure from
configuration (iv) to configuration (iii).

For tests in category II, one tree end-effector was randomly selected during each of
the 100 test runs. Figure 6 tabulates the results. Each row is a configuration/test cate-
gory pair. For each such pair, the algorithm was run 100 times. ε represents the error
tolerance given to the program. The column ε-Success is the percentage of the 100
test cases in which a solution of acceptable quality was found within a fixed time limit
(200 seconds, leading to at most 27 partitions). The Avg. Partitions and Avg. Runtime
columns gives the average number of branch and bound partitions and average runtime
(over the 100 runs, including ε-failures). Since ε is a combined measure of position
and orientation error (see Equation 1), selecting it is not completely straightforward. If
ap an ao are both 1 (as they are in this work), orientation error is much more heavily
penalized than position error, and ε will primarily constitute position error (in meters).
Based on experiments the authors have performed with new versions of the SINGO con-
nector of SuperBot modules, the position tolerance of the connector is approximately
5-6 mm with very little tolerance for orientation error. Therefore, ε values in most of
the tests above were chosen to be between 0.004 and 0.006. The cases in which ε is
much greater correspond to cases where BBPSOIK has difficulty converging to such
small ε values. Figure 5 shows sample numerical runs in which it is observed that the
error monotonically decreases as a function of the number of partitions active. This
provides validation that the spawning of partition elements in BBPSO forces PSO out
of local minima, decreasing solution error as expected. In each partition, 20 particles
were used with a maximum iteration count of 50. The authors observed that smaller
particle swarms with smaller maximum iteration counts allowed for more branching,
which more quickly forced PSO out of local minima, leading to better performance
than with larger swarms. Figure 6 shows that the proposed algorithm converges well
to optimal solutions for single-end-effector position and orientation IK problems, two-
end-effector position IK problems, and problems in categories V-VII. It has difficulty
consistently converging quickly when the position and orientation IK of multiple end
effectors must be solved simultaneously and for tests in category IV. This makes intu-
itive sense, given that they are difficult multi-objective optimization problems. Future
work will apply more advanced multi-objective PSO methods to such problems within
a branch and bound framework.

4.2 Loco-Manipulation Results

The controller proposed in this work is a novel combination of an efficient kinematic
representation and discovery procedure, a novel application of BBPSOIK for solving
inverse kinematics and kinematic self-reconfiguration problems, and a probabilistically
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complete path planner (RRT-connect). This combination, including the ability of the
kinematic brain module to dynamically move from module to module, permits the con-
troller to select optimal collision-free joint angles that solve tasks and then move in
collision-free paths to those joint configurations, regardless of dynamic changes to the
kinematic base frame or the structural configuration of the modules (i.e., their con-
nections to one another). This facilitates adaptive loco-manipulation, including novel
behaviors never before demonstrated on modular robotic systems. Note that, in the sub-
sequent results, the end-effectors of the robots are assumed to be able to connect to
the ground or objects at any orientation around the vector normal to the ground or the
object. The environment, including the poses of the ground and objects, are assumed
known to each module.

Fig. 7. Example locomotion results with an 8-module 24-DOF SuperBot tree with 4
extremities/end-effectors.

Locomotion Figure 7 demonstrates locomotion using an 8-module (24-DOF) SuperBot
tree with 4 extremities/end-effectors. At each step in the locomotion, a random free end-
effector is selected, BBPSOIK is used to find a collision-free set of joint angles that
aligns the end-effector with the ground in the direction of locomotion (the red arrow
in the figure), and RRT-connect plans a collision-free path to the goal angles. Once the
path is executed, the end-effector module attaches to the ground, becoming the new
kinematic brain, and the process is repeated. Locomotion toward a target location is
also possible. In such cases, the direction of motion is dynamically determined based
on the position difference between the current kinematic brain module and the target
location. Though locomotion with modular robots has been demonstrated many times
before, gaits to facilitate locomotion are most often tied intimately to the hardware and
module configuration used. This represents one of the first general-purpose locomotion
strategies theoretically applicable to any tree of modular or self-reconfigurable robots.
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This test was repeated for each configuration in Figure 4 for 20 randomly selected
motion directions.

Fig. 8. Example manipulation results with an 8-module 24-DOF SuperBot tree with 4
extremities/end-effectors. The object is picked up by one end-effector before being passed from
to another open end-effector.

Manipulation Figure 8 demonstrates manipulation using an 8-module (24-DOF) Su-
perBot tree. The red object is picked up by one randomly-selected end-effector and
passed to another open end-effector in the tree. This is a novel manipulation behavior
never before demonstrated (even in simulation) using modular or self-reconfigurable
robots. The kinematic brain keeps track of which end-effectors are connected to objects
(of known geometry), so the object dynamically becomes part of the kinematic repre-
sentation of the tree as long as it remains connected to one of the modules. This enables
the controller to facilitate the transportation (simultaneous locomotion and manipula-
tion) of passive objects from place to place while ensuring that the object being carried
does not collide with the robot or its environment along the way. This test was repeated
with configurations (iv) and (v) in Figure 4 for 20 randomly selected (but reachable)
object locations.

Self-Reconfiguration Figure 9 demonstrates self-reconfiguration of a 6-module 18-
DOF SuperBot tree into a long snake and vice versa. This is achieved by reducing the
problem of lining up two end-effectors for self-reconfiguration to an optimization prob-
lem and efficiently solving using BBPSOIK. This allows the tree structures in question
to change their structural configurations (connections) to best match the task at hand.
The kinematic discovery procedure dynamically adapts to these changes, and, assuming
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Fig. 9. Top: A 6-module, 18-DOF SuperBot tree reconfiguring into a snake. Bottom: A 6-module,
18-DOF SuperBot snake manipulator reconfiguring into a 3-extremity tree.

the changes result in a new tree structure of modules, the kinematic brain can immedi-
ately use the new tree structure and its extremities for loco-manipulation.

Fig. 10. Top left to bottom right: a demonstration of a 6-module, 18-DOF SuperBot tree perform-
ing a pick, carry, and place task. The six red cylinders are grabbed (in descending order of height)
from the pile and placed in the goal areas.

Autonomous Building by Pick, Carry, Place One of the goal usages of this frame-
work is to enable trees of robots with multiple extremities to autonomously build struc-
tures. As a first step toward this type of behavior, Figure 10 demonstrates a 6-module,
18-DOF SuperBot tree locomoting to, picking up, transporting, and placing the six red
cylindrical objects in their respective goal areas (blue). This is a novel demonstration of
locomotion with manipulation never before performed by a system of modular robots
(even in simulation). It differs from the collaborative manipulation in [1], as the pro-
posed controller makes use of only a single tree of modules (rather than multiple serial
manipulators) to perform the transportation and manipulation. Also, the robot is free
to move anywhere on the ground plane, as its foot placements are not discretize. Fu-
ture work will demonstrate the autonomous building of more complex structures with
different sizes and shapes of building materials.
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Limitations The proposed controller has been shown to facilitate novel loco-manipulation
using self-reconfigurable, modular robot trees. However, some points are worth men-
tioning. First, the framework currently assumes a single point of contact, with motors
strong enough to support the entire structure during loco-manipulation activities. This
assumption is more reasonable in environments such as outer space and under water,
both of which are prime examples of dangerous and isolated environments, but it nev-
ertheless provides a limitation.

Currently, the controller operates on a simulated distributed set of robotic modules
in a hybrid distributed and centralized fashion, with the most important computations
happening in a centralized place (the kinematic brain). The benefit of performing com-
putations this way, particularly in dangerous environments, is that claims about the
optimality and collision-freeness of solutions for inverse kinematics (IK) and kinematic
self-reconfiguration can be made from a global perspective to ensure the safe opera-
tion of the system in the environment. However, a fully distributed methodology would
provide increased robustness and fault-tolerance.

5 Conclusions and Future Work

This work proposed a novel, hybrid centralized and distributed controller based on
Branch and Bound Particle Swarm Optimization (BBPSO) and Rapidly-Exploring Ran-
dom Trees (RRT-connect) that takes an important step in facilitating adaptive loco-
manipulation in trees of modular and self-reconfigurable robots. This work represents
the first application of BBPSO to the problems of inverse kinematics and kinematic
self-reconfiguration.

Results in physics-based simulation demonstrate the generality and power of the
proposed approach and include demonstrations of loco-manipulation behaviors never
before shown on systems of modular or self-reconfigurable robots. Future work will
aim to enable multi-contact support during loco-manipulation and parallel kinematic
structures of modules (such as those with loops). A fully distributed implementation
of the controller is also currently being developed. Further validation of the controller,
including validation on different module types, more complex tree configurations, and
more complex autonomous building tasks, will all be performed.
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