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Abstract—Modular robots have the potential to achieve a In this paper, we present a decentralized algorithm for
wide range of applications by recon guring their shapes to the self-organization cénvironmentally-adaptive shapésie
perform different functions. This requires robust and scakble focus on a chain-style modular robot con gured to form a

control algorithms that can form a wide range of user-specied . R
shapes, including shapes that adapt to the environment. Her exible surface [5], [6]; individual modules affect the sha

we present a decentralizedalgorithm for self-organizing of  through local actuation, and distributed tilt sensors mev
environmentally-adaptive shapedVe apply it to a chain-style environmental feedback. The desired shape is described in

modular robot, con gured to form a exible sheet structure.  terms of regional constraints on orientation with respect t
We show that the proposed algorithm is capable of achieving a {he environment. We present a simple decentralized multi-

wide class of environmentally-adaptive shapes, and the mate . . ) .
control is simple, scalable, robust and provably correct. Tie agent algorithm that has several salient features: (1)iésre

algorithm is also self-maintaining the shape automatically ©On simple local rules for each module, (2) it is capable of
adapts if the environment changes. Finally, we present sensd  achieving a wide class of environmentally-speci ed global
applications which can be a_chieved within this framevyork va shapes, (3) if the environment changes, the global con g-
robot prototypes and S'm“('jat'ons' such aﬁasf'f'pﬁaﬂ‘?‘”ﬁbﬁ' uration automatically adapts, (4) it is both scalable and
In our experiments, we demonstrate the algorithm s highly robust, (5) the distributed control is provably correct: we

responsive and robust in the face of real-world actuation ad .
sensing noise. can guarantee convergence for the class of shapes in our

framework.

l. INTRODUCTION The ability to achieve complex shapes and adapt to

Modular robots are a class of robotic systems composefe environment leads to many potential applications. We
of many identical, connected, programmable modules thgemonstrate several examples (Fig. 1) using a prototype
can coordinate to change the shape of the overall rob@{ardware robot and a physics-based simulator, includitfg se
This versatility allows a single robot to perform multiplebalancing furniture, a terrain-adaptive bridge, and dyicam
tasks, typically the purview of special-purpose robotghsu rendering for 3D media. Using our prototype hardware
as achieving different types of locomotion (rolling, craw,  robot, we present experimental results on convergencelspee
climbing) in complex terrains [1]. Modular robots also eleab response to environmental change, accuracy in the presence
new application areas, from adaptive bridges and shetters, of sensing and actuation noise, and robustness to actuator
3D physical dynamic rendering [2]. failure. These experiments demonstrate that the algorishm

The success of these applications requires the ability tighly responsive and robust in the face of real-world noise
program the behavior of the individual modules such thgh actuation and sensing.
the system, as a whole, achieves a global shape goal. AsThe remainder of the paper is organized as follows.
the number of modules grows, centralized control becomg&ge present related work in Section Il. The modular robot
intractable and slow. Recently, several groups have demogodel is described in Section 1. We present the distridute
strated decentralized algorithms for recon guration tbah  shape formation algorithm and theoretical results in ®ecti
achieve large classes of user-speci ed shapes [3], [4]s&he|y, followed by several example applications (Section V).

algorithms rely on simple module rules and, in some casesinally, we present our implementation of the robot and
are provably correct in the face of asynchronous modulgxperimental results in Section VI.

movement. However, these algorithms only address goal

shapes that are fully speci ed in advance — the environment Il. RELATED WORK

plays no important role in the nal shape. For many applica- Several research groups have demonstrated the design of
tions, the shape may need to directly sense the environmenodular robots. A modular robot is composed of many
and conform its con guration to t the environment. For connected, identically-programmed modules, where each
example, a modular robot forming a table (or a at “road”’module can communicate locally with other modules that are
structure into a collapsed building) will have to adapt tghysically connected to it. One common style is the “chain-
the uneven terrain in order to keep its surface level; ibased” modular robot [1], [7], [8], where individual modsile
the underlying terrain changes then it may also need wan change their own shape through individual actuation
continually adapt to maintain the desired structure. (e.g. changing internal angles, Fig. 2(a)) and/or reconegu



(a) (b) (c) (d)

Fig. 1. Several different types of shapes that can be adhiaithin this framework: (a) Chain-typed structure (b) Sedlancing table prototype (c)
Terrain-adaptive bridge simulation (d) Physical dynangndering simulation (face).

to change connectivity with neighboring modules. Anotheeach module's consistently sensing environment and self-
common style is the “lattice-based” modular robot, whererganizing its own actuation. This process is also coreelat
overall shape change is achieved only through modulegth the consensus formation described in [14].
changing their local connectivity [3].

In chain-based robots, there are several centralized and a lll. MODULAR ROBOT MODEL
few decentralized algorithms for shape change [8], [9].SEhe In this section we describe our modular robot model, in
algorithms focus on xed, pre-speci ed global shape goalgarticular the capabilities assumed of each module and how
and do not involve feedback from the environment. Howevethie modules are connected. Brie y, we assume that we have
there is also a considerable body of work on locomotionhain-based modules connected in a xed con guration, con-
(dynamic shape change through module actuation) and $isting of a exible surface with supporting legs (Fig. 2). A
this context there are a few examples of using environmentalodule can “compress” and “expand” its height by adjusting
feedback. For example, Yim et al. have demonstrated stdis internal angle. Shape change is achieved by groups of
climbing where a robot uses pressure sensors to confommodules compressing and expanding. This concept of shape
to the stair height [10]. In general the feedback control haghange through deformation is similar to the foldable sheet
been closely tied to the speci ¢ locomotion task; our workand deformation models in [5], [6], but implemented using
uses similar feedback control principles but in the contéxt simple chain-based modules.
shape formation.

In lattice-based robots, there has been some work on dfg‘l Agent (Module) Model
tributed algorithms for shapes that adapt to the enviroimen Essentially, each module can be viewed as a single agent.
Bojinov et al. presented distributed algorithms for sevexa Each agent has four components:
amples in simulation, a hand that grasps an object and a table Computation: We assume that all agents have identical
that supports a weight [11]. This work illustrates inteirggt programs, but may have different roles and thus behave
potential applications, but the algorithms are dif cult to differently. Each agent within the robot has a unique
translate to real hardware. Rus et al. have presented genera ID. We assume that the computation power of a single
distributed algorithms for locomotion and shape formation agent is limited, and our focus is on simple local rules
over a terrain with unknown obstacles [3], [12]. In these that do not require complex calculations.
algorithms, modules treat obstacles as non-moving modules  Communication: Each agent can communicate with its
allowing the system to easily generalize to complex tegain immediate physically-connected neighbors.
However, this work solves a slightly different problem than  Actuation: Each agent is equipped with an actuator
the one we are interested in, since the goal shape itselttis no that allows it to change its angle, as shown in Fig. 2(a)).
speci ed with respect to the environment. Also it is not clea Later in section VI we describe how we implement this
how easy it will be to translate the abstract model of sensing in hardware.
to actual hardware. One limitation of lattice-based system  Sensing: Several agents are also equipped with ac-
is that shape change can only be achieved through module celerometers that allow the agent to determine its tilt
movement which is slow in hardware implementation. In  angle with respect to the environment.
chain-based systems, modules can quickly actuate to peoduc
large shape changes. Hence we focus on the latter style Bf Flexible Surface Model
modular robots in this work. In this paper, we assume that the agents are connected to

Distributed manipulation, e.g. [13], is another eld thatform a exible surface with supporting legs (e.g. Fig. 2(a))
shares similarities with our framework. Research along thiThus the agents belong to one of two classes of groups:
line tackles tasks like part transportation and reoriémat the surface groupsand thesupporting groupsThe exible
through simultaneous motion of an array of actuators. Sincirface is formed by all surface groups. A supporting group
it only considers static and known environments, the cdéntrés a leg of the robot. We note that, by using rearrangement
parameters are generally pre-computed. Our approactefurttalgorithms such as [15], one can make a chain-based robot
deals with uncertainties in the dynamic environment thtougrecon gure into this type of exible surface model. In our



to assume. There has been considerable work on distributed
algorithms for role assignment [6], therefore in the instef
space we only brie y describe the process. Pivots themselve
can be identi ed via their physical connection, since they a
the only modules which connect with other modules both
horizontally (with other surface group modules) and verti-
(@) cally (with a supporting group module). Similarly _bottom
“feet” modules have only one connection. Both pivot and
feet modules propagate messages that allow other modules
to determine whether they are members of a surface or
supporting group, and what group identity label to assume.

IV. DISTRIBUTED SHAPE FORMATION

In this section, we rst describe how a desired shape is
(b) speci ed in our framework. Then we present our distributed
Figo-I 2. (e]}) rl]zlexible surfﬁce m]?del- Each .agelnts is ?qui%piﬂl!i tt?vservo' feedback control algorithm which allows the robot to ackiev
?t?) A?]”(fxgnfpfe‘Z%gﬂ;'{ééﬁ@%ﬁgfgggﬁ' '\fvi?hsgi\f’oqt;'gf’iu?f’gcesg:];?g's the desired shape regardless of different initial envirents.
(S}), supporting groupsR|;), and tilt sensors ). It also enables the robot to maintain the speci ed shapeewhil
facing changes in the environment.

A. Shape Speci cation

algorithm, we assume that this connectivity remains xed . i o
Given our exible surface, we de ne a shape by specifying

throughout. . . :
A surface group is a basic element of the exible sun‘acet.he desired tilt 6?”9'65 (_)f all surface groups. This "’?”OW.S us
express a wide variety of shapes, as shown in Fig. 1

When all surface groups are linked together, they form 1o q i he <h i cation d
layer of the exible surface. Each supporting leg (group)an Section V. However, the shape speci cation does not

consists of several agents that are vertically connectélokto translate to a xed module actuat|oq. Rather- the beha.V|or
surface groups. of the modules depends on the terrain on which the exible

Shape change is achieved by the simultaneous actuationséi'{:face robot is placed. . .
or now, consider a simple case where our desired shape

the supporting groups. The surface groups play a mostly pas-
sive role in actuatioh However they are equipped with the 'S that the surface must be always level, regardless of the

tilt sensors and thus distribute feedback about the ofienta underlying terrain. This case is illustrated in Fig. 3. We ca
of the system describe the desired goal shape via specifying the tilteangl

of each pivot's neighboring surface groups. In the follogvin
C. Group Initialization example, all desired tilt anglgs;) =0.

In our distributed control framework, each agent needs to
be initialized with its group identi cation. These groupeia-
tities remain xed for a given robot con guration lifetime,
regardless of the desired shapes being formed. We assume
these identities are determined during an initializatibage

The nal group identities are shown in Fig. 2(b). Surface
group modules that connect directly to a supporting group
play a special role. We de ne such a module aspasot’.
Each pivot has a unique identiy;. The supporting group
underneath the pivoP; is denoted asRj. Each surface o
group’s identity is determined by its nearest pivots; we usB: Distributed Feedback Control
SJ-i to denote a surface group between pivdtaandP; . Note Our algorithmic approach is as follows: once a desired
that these identities de ne the “locality” of informatiothe shape has been speci ed, all modules coordinate to deform
sensor mounted on‘ constantly propagates the tilt angle the current shape until the desired goal is reached. As shown
to P; andP;; the pivotP; collects sensor information only in Fig. 4 (a), we can think of the algorithm as continually
from surface groups it is connected to, and affects only itéerating between two steps. '
own supporting groufR;. In Step 1, the sensor on each surface gr8figransmits

During the initialization phase, pivots create messagiés tilt angle’ji to the neighboring pivot®; andP;. Each
gradients to help modules determine which group identitgivot P; collects tilt sensor information from neighboring

) _ surface groups and computes thggregated feedback
wil need. 10 be sretohec In our bridge and cynamic physiendering " SteP 2, each supporting grou; receives an aggre-
simulation, surface modules are connected to each othérelastic links gated feedback from its pivot. Each module in the supporting
so they can be stretched passively. group uses this information to control its actuation. When

Fig. 3. An example of a shape speci cation.



(@) (b) ()

Fig. 4. (a) Step 1: Sensor on each surface group propagatesictilt angle to neighboring pivots. Step 2: Based on eggred feedback computed by
its pivot, each module in supporting group responds to tedkback by controlling its actuator. (b) Simulated link exdenof distributed adaptive control.

Top: current state of the robot. Down: goal state of the rofr)t Rotational angles of the supporting group agents. Agenthe middle rotate two times

more than the top agent and the bottom agent.

the desired shape has been achieved (aggregated feedbackhe aggregated feedback for each pivot is computed in
is close to zero), modules no longer change actuation. & purely distributed manner every time step. Each pivot
the environment changes, however, modules will resportcansmits an aggregated feedback to the supporting group
automatically. underneath it.

Each agent has only a local view, and each of them has itsin some conditions, pivots might not know the distances to
own goal (achieving desired local shapes). When the whotheir neighbors or the distances have chadgeiight dif-
robot is placed on a new rough terrain, each agent will ndérences between two pivots therefore cannot be computed.
be able to achieve its respective goal via merely one tim@ such cases, we can simply modify feedback contribution
actuation (since all agents are simultaneously changieig th J' from P; in (2) as following:
con gurations). This iterative sensing-actuation distitied

control scheme allows agents to collaboratively achieeg th ,' =( ji) ",' 3)
goals. . . .
More speci cally, our algorithm works as follows: 2) Supporting Group Actuation At a high level, each

1) Pivot Aggregated FeedbacKn this step, pivots aggre- sm_Jpporting groupR; reacts to the aggreggted feedback from
gate neighboring sensor information to compute the aggrBVot Pi by compressing or decompressing the whole group
gated feedback. Consider the example case in Fig. 4(b); tR¥ & small amount every time step. Aggregated feedback
initial shape is shown on the top, and the desired shapefs iS an indicator of whether supporting groéh should
shown at the bottom. increase or decrease its physical length and by how much. If

Let us rst consider the aggregated feedback for pivoKi > O, it indicatesR; needs to be compressed (therefore,
P; whose neighboring pivots af@, ; andPj.; . Let ~|c X it requires Iarger_rotational angle) anq vic_e versa. _
denote the current tilt angle from pivBt 1 ! P ;. LetD! , The compression (or decompression) is achieved by in-
be the horizontal distance betwelen ; andP; (i.e. distance dividual modules acting in an “accordion-like” fashion (as
on x,y plane). Then the height difference betwégn; and shown in Fig. 4(c_))._ In order to achieve this behavior, we
P; is simplyD! , tan(7 ), which we denote as H! ;. need modules within a support group to actuate (rotate)
Analogously, we can compute the height difference betwedR 0pposing directions. We assume that in the initializatio
Pi+1 andP;, denoted as H1,, . phase, each module agent initializes itself to either chos&

In the desired shape con guration, we want to have tilr counterclockwise alternatively, starting from the boit
angles( | ;) and( !,;) with desired height differences “foot” module. In a supporting grouR; of m agents, we

( H ;) =D, tan((! ;) ) and( Hl;) = Di,; denote the rotational direction of thi" agent in it as
tan(( ;) ) respectively. k 2 f 1,19 (counterclockwise, clockwise). To maintain
In general, the aggregated feedbakk for all P; is stability of the supporting group, the tok € 1) and bottom
computed as follows: (k = m) agents are programmed to rotate a half angle (as

X i shown in Fig. 4(c)). The rotational angle of tk# agent in
Ki = i ) Ri (we denote it as¥) is therefore updated as:
j2N;
where control gain is a constant an@ 1, andN; K :< + I‘ K;i if k=1;m 4
is the set of all neighboring pivots &;. J' is the feedback i k+2 Kk K; otherwise )
contribution fromP; and is de ned as:
l'I = ( HJ! ) |_TJ! (2) 2For example, two pivots do not know how many surface moduieset

S i i i _ are between them. In our evaluation, the update rule bas€8)aequires
In 0,ur example, Ki = i1 + i+l where R approximately twice as many iterations to converge to theirelé shape as
( H 1) H ;and {,; =( Hi,) o1 - compared to the update rule based on (2).



Algorithm 1 PivOT AGGREGATEDFEEDBACK

1: Input: ~};8 Pj 2 N;

2: I* N; : set of all neighboring pivots oP; */

3: [* R; : supporting group underneath the pivBt */

4: [* ( j‘) : the desired tilt angle to neighboring pivéy */
5: / * Pivot P; computes aggregated feedback: */
6: for all P; 2 N; do

7. compute H]

& [=( H)  Afor()) g

o if then ;| =0

100 Kj =K+ ]'

11: end for

12: SendK; to every agent irR;

Algorithm 2 SUPPORTINGGROUP ACTUATION

1. Input: K;

2. [* After receiving K;, k" agent inR; computes its
rotational angle */

ke ke kK Kjf2k Kjifk=1;mg
if (K<  max)then kK=
if ( F> max ) then =<: max
. k™" agent updates its rotational angle to nefv

max

IZERA

Algorithm 1 and 2 shows the procedure of the distributed
adaptive contrél The intuition behind the algorithm is to

achieve local constraint satisfaction by collaboratinghwi

neighboring pivot modules proportionally to their “degree
of dissatisfaction”. This quantity is expressed as the dif-
ference between its current con guration and its desired
con guration. As each pivot simply computes the sum of this

shape with either feedback contribution computation sehem
(Eq. (2) or (3)).

THEOREM 1 (CONVERGENCE 8P; and 8P; 2 N;. If
current tilt angle“ji is accessible td®; and H; is updated
based onK;, the algorithm will drive“ji to the desired
() , regardless of initial conditions and whether or not
D;j (distance betweeR; and P;) is known.

PROOF see Appendix.

V. APPLICATIONS

Our algorithm for shape formation has several important
features: (1) The algorithm involves simple, local behavio
by each agent, which scales as we add more supporting
groups to the exible sheet; (2) the algorithm is guaranteed
to converge to the target shape; (3) if the terrain changes, t
robot automatically adjusts to maintain the desired shape.

These features lead to many potential applications. Here
we describe some examples that we have constructed via
hardware prototypes or simulations:

Self-balancing Chain/Table: Fig. 1(a) and (b) show
hardware prototypes of the self-balancing chain and
table respectively. In our demonstration, the top portions
of the chain and table remain level regardless of terrain
conditions. This could be useful in many circumstances,
e.g. stabilizing instruments on a boat.

Terrain-Adaptive Bridge: In our framework, one can
achieve a modular robotic bridge that can adapt to dif-
ferent terrains. We constructed a terrain-adaptive bridge
simulator with Open Dynamics Engine [16] (Fig. 1(c)).

guantity induced from each of its neighbors, one can see that
neighboring pivots with higher degree of dissatisfactial w
contribute more to the sum. This simple scheme allows the
robot to quickly achieve its desired shape.

C. Theoretical Analysis

Empirically, the update rule stated in (4) has a strong
convergence property to the desired shapes (as shown in
Section VI). In some cases, a pivot can calculate and control
its supporting group's height. The control can be changed
in such a way that the theoretical guarantees can be more
strongly stated. As described befdfg is an indication of
the amount thaR; needs to be compressed/decompressed,
we useK; to updateH; (the height ofR;) directly:

Hi H i K )

Theorem 1 shows that the distributed feedback control
algorithm based on (5) leads the robot to form the desired

3Additional constraints of the robot can be added to the obntles. For
example, line 4 and 5 in Algorithm 2, we enforce each moduletsition

When it is placed on an unknown rough terrain, the
robot can automatically form a at surface or a smooth
incline. Even if the terrain changes over time, the
modular robot adapts to maintain a level surface. Robot
locomotion over rough terrains has been a challenging
problem. A modular robotic bridge can automatically
form a smooth roadway over the rough terrain for the
other robots.

Dynamic Physical Rendering:Dynamic Physical Ren-
dering is an application where a modular robot forms
arbitrary shapes as a novel form of 3D media and
visualization. Our proposed exible surface can act as
a “relief” display, since the distributed algorithm can
easily achieve complex shapes (as shown in Figure
1(d)). Applications in this domain require ef cient trans-
formation from one shape to another. The distributed
property of our algorithm makes this high dimensional
control problem scalable and allows ef cient shape
transformation (as shown in Section VI-D).

angle to be within max .

“We illustrate a mechanism fd#; to control the height oR; : as shown
in Fig. 4(c), the overall height oR; is simply:L +(m 1)L cos( ),
wherelL is the length of a module. The anglethat leads to newH; is

thus: = cos 1(%). Instead of sendin, pivot P; propagates
to every agent iR . The update rule fok™ agent inR; is thus modi ed
tobe: k¥ 2 kK (fk=1;m); K (otherwise).

Note that our approach can be used in combination with
traditional rearrangement recon guration, e.g. a modular
robot can locomote quickly on smooth terrain using a track-
like con guration and then con gure to form a bridge over
rough terrain. We also expect that this distributed control
approach can be extended to dynamic shape descriptions
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Fig. 5. A self-balancing table robot. Each agent controletary servo. Fig. 6. The robot's response time to repeated environmeangés. The
A two axes tilt sensor (accelerometer) is mounted on theetabtface. robot was able to maintain its surface's tilt angle witbin 8 even when
the board is tilted30 40 over a few seconds.

and other types of sensing (e.g. pressure), opening up many ) ) _
application possibilities. hardware prototype robot is used in the experiments of the

next two sections.
VI. EXPERIMENTAL RESULTS

. . . . .B

In this section, we describe experimental results of our dis
tributed shape formation algorithm. We begin by describing In the rst experiment, we examine how quickly and
the hardware prototype in Section VI-A. In Section VI-B, weaccurately the robot responds to consistent, rapid environ
present results from examining how fast the robot can adafitental changes. In this experiment, we x the robot's four
to environment changes and how well it performs in differergupporting groups to a rigid board. We repeatedly changed
types of terrains. Section VI-C provides an analysis of th#he orientation of the board to examine the robot's response
robustness of the algorithm towards servo failures. Ingise | (as shown in Fig. 7(a) - (d). One additional tilt sensor is
set of experiments, we examine the scalability properties éhounted on the board to record environmental changes. This
the algorithm in large scale shape formation simulations. sensor does not supply input to the robot. Empirically, the

Our experimental results show that our distributed alggsensors we use are somewhat noisy, especially under high
rithm allows the robot to respond to different environméntaspeed motion e.g. rst ve seconds of Fig. 6.
changes effectively. In addition, it is mostly robust tovser ~ Agents are programmed to maintain a surface level sur-

. Environment Response Experiments

failures and scalable to a large number of agents. face; i.e. tilt angles in x axis and y axis, and y, equal to
zero at all times. Thereforg,xj + j yj is an error measure
A. Hardware Prototype of how far the table surface is from a level state.

We designed and implemented a self-balancing table robotFig. 6 shows the results of the experiment. We can see that
to test how well our approach works in real world scenariogven when the tilt angle of the ooris changed8y 40
The robot is composed of four supporting groups (legs), amaver a few seconds, the table is able to quickly respond and
each composed of three agents. Since the table surfacekéep the surface level. The table never tilts more than8
designed to be at, the surface group modules are replacedter the initial correction.
by a single rigid surface (43cm X 43cm square) that forms In the second experiment, we examine how the robot
the table and has the tilt sensor mounted in the middle. esponds to different rough terrains. As shown in Fig. 7(e)-
addition to its original role, the top agent of each supparti (h), the robot's four supporting groups were placed on four
group is also programmed to be a pivot. obstacles of different heights. Each foot placement positi

Fig. 5 shows each component of the robot. Each agemas placed with several bricks(a brick's thicknesg:Ecm).
controls a Hitec standard servo which can perform a rotatiobhrough different combinations of bricks, we can generate
of 90 in either a clockwise or counterclockwise directiondifferent rough terrains. The robot's upper left suppagtin
We mounted a two-axis (x and y) tilt sensor (Analogugroup position is denoted dadL, lower left is LL, upper
Devices ADXL311 accelerometer) on the table surface. Eagfght is UR, and lower right isLR. The number following
of the pivots can receive from this sensor, instead of havingach denotes how many bricks were placed at that position.
their own tilt sensors. Fig. 8 shows the robot's response time to achieving level-

For simplicity of implementation, the distributed shapeness under different terrains. In the rst ve experimentgo
formation algorithm is run on a laptop computer (2GHZegs on one side are lifted. In the last two experiments, the
CPU) that simulates purely distributed control. Althoupk t robot's four legs are lifted simulating fully irregular tain
distributed control is simulated, our hardware impleme¢inés scenarios. As shown in the gure, the robot is capable of
sensing and distributed actuation so that we can direcsly teachieving levelnessg (j+j yj 3 ) within 2 seconds ( 40
the algorithm in the face of real-world noise. After eachraige iterations) in most of the cases. Experiment 6 is the onlg cas
computes the new angle of its servo, the control signal is sewhich takes the robot 2 seconds to achieve levelness, since
to the hardware robot via serial port. It takes approxinyatelits setup requires all pivot to collaborate with its neigtbo
50 milliseconds for all agents to nish one iteration. This rigorously.



(@) (b) () (d)

Fig. 7. (a) - (b) The robot is xed to a board. The robot keepssiurface level when we repeatedly change the orientatidheoboard. (c) - (d) The
robot is placed on obstacles of different height. It adaptdifferent obstacles and forms a at surface.

top agent middle agent bottom agent

= 25 5 25
g 20 —LURLLR1 - ——LL3LR:3 —a-LL2LR2 ——LL3LR:3
< 2:UR2LR:2 2 k
) 3Ll LR g 5 —B-LL:2LR:2 20 LL:1 LR:1 a —B-LL2LR:2
2 25 T 2 g LL:1 LR H @ LLi1 LR
+ SLL2 LR: "
£ 20 —5:LL:3LR:3 =

6:UL:2 UR:1LL:4 LR:3 ERE 15 15
B 15 —7:UL4UR2LL3LR:1 5
ki 5 10 10, R 10
[+ [ =
g 10 2 \ A"
S s \ =,
g s 5 ° S ° e " °
3 3 =
= = = = =N e =
£ o = Cara—a-a| =
E =

0 0.5 1 15 2 25 3 3£ % 1 > 3 4 % > 2 % 1 > 3 7
Time (sec) Time (sec)
(a) (b)

Fig. 8. (a) The robot's response time to different initianddions. In seven out of eight experiments, it achieyeg + j yj 3 , within 2 seconds
(30 iterations). (b) Robustness test results when one oagemts does not respond. The left, middle, and right gumessaenarios when top, middle,
and bottom agents do not respond respectively. It is mostalrivhen the middle agent fails.

We note that as the table surface is a rigid object andecause it is responsible for two times more rotation than
cannot be stretched, the horizontal between two pivots tmighither top or bottom module (as shown in Fig. 4(c)). On
change in the process. Nevertheless, the algorithm still bpossible solution is to have more modules in each leg which
haves correctly even if we treat the horizontal distance asalows a greater exibility to compensate for individual
xed constant over the process. failure, as well as increase the range over which the leg can

. compress and uncompress.
C. Robustness Experiments

We also perform robustness experiments by observing tiie Scalability Experiments
robot's reaction when one of the agents fails. We tested it The distributed algorithm can provably form arbitrary
under different task dif culties and in different positisin  shapes, and the pivot actions remain local even when the
the group. We tested two situations which an agent fails toumber of surface groups increases. Here we evaluate the
respond: (1) the agent's servo is disabled and becomessealability of our system by observing how convergence
passive link, so it freely takes on any angle with no resigtan time is affected by a large number of surface groups and
to movement; and (2) the agent's servo remains stuck at tlidkfferent shape complexities. We implement a simulation of
zero degree position at all times. We discovered that the ra 64x64 exible sheet in MATLAB, which includes 4096
case does not affect the effectiveness of the algorithmlewhipivots/supporting legs (16384 agents) for tasks of forn@ng
the second case affects a few scenarios. It implicitly meamse-de ned 3D shape. We assume surface groups are formed
the algorithm is robust to hardware failure of the rst caseby elastic materials. In simulation, we added Gaussianenois
We only discuss the second case here. to both servo actuation and sensor readings.

Fig. 8(b) shows the robot's responding time to achieve The robot is programmed to render six 3D models: a
levelness while different agents do not participate th&.tasstatue, teapot, knot, bunny, donut, and face. 3D depth in-
We lifted one side of the robot to 1 to 3 bricks highformation is used to transform these models into tilt angles
respectively. At each height, one of the three agents in tHer shape speci cation. We started the simulation by plgcin
supporting groups that needs to be compressed is disabtee robot on a randomly generated terrain. We de ne the
(top, middle, or bottom). We repeated this process fourdimenitial state asl00%error to the desired shape a@iéb error
and Fig. 8(b) shows the average of robot's tilt angle acrosshen the desired shape is perfectly achieved. Table | shows
time. We can see from Fig. 8(b) that the middle agent'the mean and standard deviation for the robot to reldi%
failure is more critical than top and bottom agents. Wheof error. In our previous experiments, the self-balancaige
the middle agent fails, the robot generally falls over in th€12 agents) achievel)% of error around 40 iterations. We
third experiment (3 bricks). When the obstacle is one or twoan see from Table | that our algorithm scales well with the
bricks high, it achieves 4 of tilt angle in 4 seconds. number of agents: when the number of agents increases from

We also observed that when the middle agent fails, 2 to 16384 and the shapes become much more complex, the
leads to a more unstable state of the robot. This is primarilpumber of iterations required increases only 1A5 times.
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) ) Kluwer Academic Publishing, 2000.
Videos of the robot are also online at: [14] R. Olfati-Saber, J. Fax, and R. Murray, “Consensus ammperation
http://www.eecs.harvard.edu¢hyu/ModularRobot in networked multi-agent systems,” Proc. of IEEE 2007.
P Y [15] K. Payne, B. Salemi, P. Wil, and W.-M. Shen, “Sensosdzh
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We have presented a decentralized control frameoni] pen dy 9 [ ] g
that allows a chain-style modular robot to achieve various APPENDIX: PROOF OFTHEOREM 1
environmentally-adaptive shapes. The control algoritlsm i~ Proof: Here we prove the case when each pivot has two neighboring

. ivots (as shown in Fig. 4). It can be easily generalized ® ¢thse of
shown to provably converge: it leads the robot to form thélg 3. As the distances between two neighboring pivots aseirasd to

desired shapes regardless of its initial conditions and@m  pe unknown, the aggregated feedback contnbutlon can oalgdmputed
mental changes. Through our experiments, we demonstréien the raw sensor readlngﬁ =( ) #] We denote pivoP;i's set
that the proposed algorithm is effective in real world ap9f Wo neighbors as ; = P 4; {Py1 9. The desired tiit angles of the

two neighboring surface groups a(rq 1) and( i+l ) respectively, and
plications. In contrast to centralized algorithms, it is reo

their current tilt angles are denoted qs , and “:"1 . We note that any
scalable and robust to individual module failures. Future _ i i, our coordinate system. We can reve(sg, ) = (1)

work will focus on extending our framework to other classegndﬂ - 4| *1 accordingly. The aggregated feedbatk is therefore:

of shapes and applications. Furthermore, we are interéstedy, - [ Pl ) T+, Ha 0=
investigating how the robot can autonomously form shapes to [ | 1) ﬂi' Dy Ry
achieve a speci c task, e.g., generating a sequence of shapewe dene | 1= (| ) and ™= () o

to transport people from a collapsed building. Ultimate,  represent ﬂEe diferenc e b?ﬁ\{v?egoﬁléu?nné t('lst)a?h%ehzgﬁfﬁe?stttngi%
wish to elevate the user speci cation from describing dasir .. Pl '
shapes to higher levels of task abstractions. H = H) K= HP+  f g (6)

16384AGENTS TO REACH10% OF ERROR IN DIFFERENT3D SHAPES

The Lyapunov functio’/"*! is de ned as the distance measure between
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