
 
 

 

 

Abstract— In this paper, we present a two-layer hierarchical 
mechanochemical model for self-reconfiguration of modular 
robots under changing environments. The model, which is 
inspired by the embryonic development of multi-cellular 
organisms and chemical morphogenesis, can autonomously 
generate and form different patterns for modular robots to 
adapt to environmental changes. Layer 1 of the model utilizes a 
virtual-cell based mechanochemical model to generate 
appropriate target patterns (i.e., chemical blueprints) for 
current environment. Layer 2 is a gene regulatory network 
(GRN) based controller to coordinate the modules of modular 
robots for physically realizing the chemical target pattern 
defined by the first layer. This hierarchical mechanochemical 
framework is a distributed system in that each module makes 
decisions based on its local perceptions. To optimize pattern 
design of modular robots, the covariance matrix adaptation 
evolution strategy (CMA-ES) is adopted to evolve the pattern 
parameters of the mechanochemical model.  Simulation results 
demonstrate that the proposed system is effective and robust in 
autonomously reconfiguring modular robots to adapt to 
environmental changes.  

I. Introduction 

Self-reconfigurable modular robots are autonomous robots 
with a variable morphology, where they are able to 
deliberately change their own shapes by reorganizing the 
connectivity of their modules to adapt to new environments, 
perform new tasks, or recover from damages.  Each module is 
an independent unit that is able to connect it to or detach it 
from other units to form various structures / patterns. 
Compared with conventional robotic systems, 
self-reconfigurable robots are potentially more robust and 
more adaptable under changing environments.   
    Modular robots can be generally classified into two groups 
according to their geometric arrangements of the modules: 
the chain / tree-based architectures [25] [31] [33] [34] and the 
lattice-based architectures [5] [10] [11] [13] [17] [23] [28] 
[29] [35]. In the chain / tree-based architectures, the modules 
are connected in a topology of a chain or a tree, where the 
motion controls of the modules are executed sequentially. It is 
relatively easier to design and implement this kind of 
architectures.  In the lattice-based architecture, modules of a 
robot are usually arranged and connected in 3D patterns, such 
as a cubical or hexagonal grid, and the motion control of 
 

 

modules are carried out in parallel.  Therefore, compared to 
the chain / tree-based architectures, the lattice-based 
architectures are more flexible and efficient to form complex 
structures although the design and implementation of this 
kind of architectures are more difficult.  From this point of 
view, lattice-based modular robots are more suited for 
dynamic environments. However, most existing lattice-based 
modular robotic systems can only reconfigure them into a few 
predefined patterns by following a set of user-defined rules.  
Although self-reconfiguration is believed to be the most 
important feature of modular robots, the ability to adapt their 
configuration autonomously under environmental changes 
largely remains to be demonstrated. 
    In principle, both centralized and distributed controllers 
can be used for reconfiguring modular robots. However, 
centralized high-level controllers for lattice-based modular 
robots are vulnerable to system failures or malfunctions of 
robot modules. By contrast, decentralized controllers are 
more robust and flexible under uncertain environments.  
However, one major challenge in developing a decentralized 
controller for self-reconfigurable modular robots lies in the 
coordination of local behaviors of multiple modules to 
achieve the desired global pattern to adapt to environmental 
changes.  To address this challenge, researchers have turned 
their attention to biological systems, where rich examples can 
be found of which robust and complex emergent behaviors 
are generated through relatively simple local interactions in 
the presence of uncertainties [12][21]. Inspired by the 
biological concept of hormone, Shen et al. [26] proposed a 
hormone-inspired adaptive communication protocol and 
adaptive distributed control protocol to allow modules to use 
hormone-like messages to accomplish locomotion and 
self-reconfigurations.  Recently, Schmickl et al. [24] 
developed a control system called AHHS (artificial 
homeostatic hormone systems) for the self-reconfiguration of 
robotic organisms, where the parameterization of the 
underlying dynamical system was encoded into a “genome” 
or the organism that is subject to selection through 
evolutionary algorithms.  Stoy [27] proposed a cellular 
automata and gradients to control self-reconfigurable 
modular robots. Pfeiffer and Bongard [22] mainly focused on 
using evolutionary algorithms to generate robot 
configurations using an embodied system.      In this work, we 
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concentrate on the genetic and cellular mechanisms 
underlying the morphogenesis of multi-cellular organisms. 
The connection between reconfigurable modular robots and 
multi-cellular organisms is straightforward. Each unit in 
modular robots can be considered as a cell, and similarities 
can be found in control, communication and physical 
interactions between cells of multi-cellular organisms and 
modules of modular robots. For example, control in both 
modular robots and multi-cellular organisms are 
decentralized. In addition, global behaviors of both modular 
robots and multi-cellular organisms emerge through local 
interactions of the units, which include mechanic, magnetic 
and electronic mechanisms in modular robots, and chemical 
diffusion and cellular physical interactions such as adhesion 
in multi-cellular organisms. Therefore, it is a natural idea to 
develop control algorithms for modular robots to 
self-organize modules using biological morphogenetic 
mechanisms.  
     Inspired by the embryonic development of multi-cellular 
organisms [30] and a mechanochemical model for cell 
morphogenesis [18], we propose in this paper a two-layer 
hierarchical morphogenetic mechanochemical framework for 
self-reconfiguration of modular robots. Layer 1 is responsible 
for autonomous formation of chemical patterns in a changing 
environment, which is based on a mechanochemical model.  
Layer 2 aims to physically realize the target pattern for the 
modular robot, which is a gene regulatory network (GRN) 
based controller. Furthermore, to optimize the pattern design 
of modular robots, the covariance matrix adaptation evolution 
strategy (CMA-ES) [8][9] is employed to evolve the pattern 
parameters of the mechanochemical model. 

    The rest of the paper is organized as follows.  The basic 
mechanics and locomotion design of a simulated lattice-based 
modular robot, CrossCube, are described in Section II.  
Section III presents the morphogenetic framework for 
self-organization of modular robots divided in four parts. 
First, the multi-cellular morphogenesis and its computational 
modeling are briefly introduced. Second, the basic idea of the 
hierarchical framework is introduced. Third, a virtual-cell 
based mechanochemical model is proposed for chemical 
pattern formation to generate target patterns. Finally a 
GRN-based controller for physically realizing the target 
pattern is described.   The CMA-ES for evolving the 
mechanochemical model is discussed in Section IV.  Section 
V provides extensive simulation results to evaluate the 
proposed morphogenetic approach to self-reconfiguration of 
modular robots under changing environments. Section VI 
concludes the paper with future work.  

II. CrossCube: A Simulated Modular Robot 

    CrossCube is a simulated lattice-based modular robot we 
developed in a robot simulator using a real time physics 
engine PhysX. Each module of CrossCube has a flexible 
single cubic shape like Molecube [35], which does not 
require much free space for modules to move around, similar 

to the mechanics of SUPERBOT [4][23][20] and MTRAN 
[13] [14] [32]. Each module of CrossCube is a cubical 
structure having its own computing and communication 
resource and actuation capability. Like other modular robots, 
the connection part of the modules can easily be attached to or 
detached from other modules. Each module can perceive its 
local environment and communicate with its neighboring 
modules using on-board sensors.  
     Each CrossCube module consists of a core and a shell as 
shown in Fig. 1(a). The core is a cube with six universal joints. 
Their default heading directions include up, down, right, left, 
forward, and backward, respectively. Each joint can attach to 
or detach from the joints of its neighbor modules. The axis of 
each joint can be actively rotated, extended, and return to its 
default direction. 

 
Fig 1. Mechanical demonstration of CrossCube. (a) The joints; (b) 
The locks on the boundaries of the modules. (c) Rotation and 
extension of the joints of the modules. 
 
    The cross-concaves on each side of the shell restrict the 
movement trajectory of the joints, as shown in Fig. 1(a). The 
borders of each module can actively be locked or unlocked 
with the borders of other modules, as shown in Fig. 1(b). The 
length and angle of the lock mechanism can also be adjusted 
on the boarders of the modules.  
     Basic motions of modules in CrossCube include rotation, 
climbing and parallel motion. Fig. 1(c) illustrates a rotation 
movement of two modules. Parallel motion means that a 
module moves to an immediate neighboring position.  All 
joints of the modules will stick out slightly to make enough 
free space for modules to move. Climbing motion means that 
a module moves to a diagonal neighboring position. Parallel 
motion and climbing motion allow a module of CrossCube to 
move to any position within the modular robot as long as the 
modules are connected. Since the major focus of this paper is 
the self-reconfiguration control algorithm, the readers can 
refer to [16] for the detailed mechanical design of CrossCube.   

III. The Morphogenetic Approach 

A.  Computational Modeling of Multi-Cellular 
Morphogenesis  

Multi-cellular morphogenesis is under the control of gene 
regulatory networks. A large number of computational 
models for GRNs have been suggested [1-3], which can 
largely be divided into discrete models, such as random 
Boolean networks and Markov models, and continuous 
models, such as ordinary differential equations and partial 
differential equations. GRN models can also distinguish 
themselves between deterministic models and stochastic 



 
 

 

models according to their ability to describe stochasticity in 
gene expression. In artificial life, a few high-level abstraction 
models have also been used for modeling biological 
development, such as the L-system [15] and grammar trees 
[6].   

B.  The Proposed Hierarchical Framework 

To develop a morphogenetic approach to 
self-reconfiguration of modular robots, two steps must be 
achieved.  First, the target pattern that a modular robot needs 
to form has to be generated automatically based on the current 
environment, which is to be achieved by the layer 1 in the 
proposed hierarchical framework.  Second, the modular robot 
needs to self-organize their modules to physically realize the 
target pattern generated by layer 1, which is the task of layer 2 
in our hierarchical framework.  Fig. 2 shows a block diagram 
of this hierarchical morphogenetic framework.  
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Fig. 2.  A block diagram of the hierarchical morphogenetic 
framework.   

C.  Layer 1: Chemical Pattern Formation   

Adaptation to environmental changes is of paramount 
importance in reconfigurable modular robots. A mechanism 
is needed to adaptively define and modify the target 
configuration of the modular robot in a changing 
environment. Adaptation of the global configuration of the 
modular robot can be triggered by local sensory inputs.  For 
such tasks, it is assumed that each module is equipped with a 
sensor to detect the distance between the module and 
obstacles in the environment.  Once a module receives such 
sensory feedback, the information will be passed on to its 
neighbors through local communication. In this way, a global 
change in configuration can be achieved. 
    Interestingly, morphogenesis of multi-cellular systems 
provides a nice example in which self-organizing pattern 
formation is realized through cell-cell and cell-environment 
interactions. One cellular environment is a complex mixture 
of nonliving material that makes up the extracellular matrix 
(ECM) [18]. In biological systems, the ECM is the 
extracellular part of animal tissue secreted by the cells that 
usually provides structural support to the cells.  Meanwhile, 
the shape of ECM is also affected by the behaviors of the cells 
through the interactions between ECM and cells. The 
interaction dynamics between the cells and the ECM can be 
described by a morphogenetic mechanochemical model 
proposed by Murray et al. [18][19].  

For this reason, the mechnochemical model proposed by 
Murray et al has been adopted and adapted as layer 1 of the 
proposed hierarchical model for chemical pattern formation. 
In the model, pattern formation (chemical blueprint 
generation) and morphogenesis (physical realization) are 
considered to occur simultaneously. One major advantage of 
this simultaneous development is that such mechanism is a 
closed-loop system where the extracellular matrix (ECM) can 
be treated as environmental constraints and external forces 
can be represented by task requirements, which is therefore 
well suited for constructing layer 1 in a hierarchical GRN 
framework.       
      Main challenges in applying this mechanochemical 
model to self-reconfiguration of modular robots include: (1) 
the modules can only locate at discrete positions, while cells 
in organisms can move continuously. (2) In the 
mechanochemical model, the macro-level behavior of a large 
number of cells is considered in terms of density change, 
while in modular robots, the micro-level behavior of a much 
smaller number of modules is considered.  
      In this paper, we will tackle these issues using a 
virtual-cell (v-cell) based approach. The basic hypothesis and 
assumptions of this approach are listed as follows:  
   It is assumed that continuous 3D patterns of modular 

robots can be divided into discrete grids, which have the 
same size as the modules of modular robots.   

   There are three basic components in this model: v-cells, 
ECM, and environment (including task requirements and 
local environmental constraints). In the beginning, a 
predefined number of v-cells start to proliferate from a 
fixed grid.  V-cells can proliferate, interact with other 
v-cells, and move in a 3D space. The difference between 
the density of the v-cells and the ECM value defines the 
morphogen level of each grid of a modular robot, which 
will be read in by the GRN of layer 2. The ECM and 
environment constrain the behaviors of the v-cells.   

   Each discrete grid in a 3D space can contain multiple 
v-cells and one associated ECM value.  The ECM is static 
and each ECM is only associated with one discrete grid.  
The v-cells can only move to the grids that are either 
occupied by other modules, or empty grids that are the 
immediate neighbors.  By following these rules, the 
v-cells will not move to the grids that are occupied by 
obstacles.   

   The ECM value of a grid is determined by the density of 
v-cells of the immediate neighboring grids.  If more than 
one ECM value is generated on the same grid by v-cells 
from different grids, the final ECM value is the sum of all 
the generated ECM values.     

   In each discrete grid, the ECM value is inversely 
proportional to the density of the v-cells. On the other 
hand, ECM can slow down the generation of v-cells in the 
grid, i.e., the higher the ECM value, the more slowly the 
v-cells proliferate. As a result, v-cells tend to flow to the 
grids with a lower ECM value.   
 

    Based on the above assumptions, a new mechanochemical 
model for self-organization of modular robots is developed.  



 
 

 

As shown in Fig. 3, the v-cells (red dots) can move freely in 
the modules of a modular robot and their neighboring discrete 
grids, while the ECM and task requirements (for example, a 
locomotion task to traverse through different terrains) can 
produce environmental and task constraints to the behavior of 
the v-cells. 
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Fig. 3. The virtual-cell based mechanochemical model at a 
macro-level view. 
 
    The density of the v-cells and the ECM value in a grid can 
be defined as follows:  
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where in  represents the density of the v-cells and i  

represents the ECM value in grid i, respectively. The first 
term on the right-hand side of Eqn. (1) denotes the 
proliferation rate of the v-cells, where N is the predefined 
maximum number of v-cells allowed in the grid, and r is the 
maximum value of linear proliferation rate of the v-cells in 
the grid.  It can be seen that the proliferation rate of the v-cells 
will be expedited when the local density of the v-cells is low, 
and will be reduced when the density of the v-cells 
approaches to N.      
     The second item in Eqn. (1) denotes the random dispersal 
of the v-cells, which is dependent on a dispersal control 
vector iK  and a vector iM  for grid i. Since the v-cells are 

allowed to move only to their immediate neighbors, v-cells 
have 6 possible directions to move to: up, down, left, right, 
forward and backward. The dispersal control vector iK  is 

defined as , , , , ,up down left right forward backward
i i i i i i iK k k k k k k    , where 

each element of iK  represents the dispersal rate for each 

direction. A higher dispersal rate means a faster exchange of 
the v-cells in that direction. A zero dispersal rate means that 
the v-cells cannot move to that direction.  To consider 
environmental constraints, for example, when an obstacle is 
detected, or when a narrower passage is detected, each 
dispersal control variable in vector iK  can further be defined 

as:  

0  if neighbor position  is occpied by obstacles

   otherwise 
s
i

s
k

h
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where s
ik  is the dispersal control variable in direction s (i.e., 

up, down, left, right, forward, or backward) in grid i. h is a 

predefined constant. , , , , ,
Tup down left right forward backward

i i i i i i iM m m m m m m    is 

a vector that is affected by the density difference of the v-cells 
between grid i and its 6 neighboring grids. For example, up

im  

is the density difference of the v-cells in the upper 
neighboring grid and that in grid i, which is defined as  

max(0, )up
i up im n n  ,where upn  and in  are the v-cell 

density of upper neighboring grid and current grid i, 
respectively.  d is a predefined fluid rate.  
     The flow control vector iK  plays an important role in 

dispersal of virtual cells. Expanding the second item of Eqn. 
(1), we have 
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which is the total number of v-cells that will flow out of the 
local position i.  The diffusion to each direction is scaled by 
the corresponding element in iK . For example, if 0left

ik  , 

local v-cells will never diffuse to its left neighboring grid. By 
setting up the flow control vector iK , the preferred diffusion 

direction of the v-cells can be defined. This is very useful for 
achieving the target patterns. In the experiments, we will 
demonstrate how to design the flow control vector iK  for the 

robot to climb on stairs.  
     The third item in Eqn. (1) describes how the ECM value is 
reduced by the density of the v-cells.  When the ECM value 

i  is much larger than the density of the v-cells in  in grid i, 

the density of v-cells will be reduced significantly, where a is 
a predefined scaling coefficient.  The last item in Eqn. (1) 

receivedn  denotes the v-cells coming from neighboring grids.   

       Eqn. (2) describes the dynamics of the ECM value.  The 
first item on the right-hand side of Eqn. (2) is similar to the 
third item in Eqn. (1), where b is a predefined scaling 
coefficient. The second item in Eqn. (2) denotes the process 
how the ECM value is generated by the v-cells in grid i. Since 
the ECM value plays an important role in guiding the 
movement of the v-cells and in generating the target pattern, 
the generation of the ECM value should contain information 
about the preferred grids (position) of the target pattern. For 
example, if a tower-like pattern is desired, the ECM value in 
the upper grids should be less than that of its neighboring 
positions. That is, the smaller ECM value in the upper grids 
would trigger v-cells move to the upper grids to build up the 
tower pattern. Therefore, the generation of the ECM should 
be a function of the grid position, which is represented by 

( )if c , where ic  represents the position of grid i. e is a 

predefined coefficient.  
     For different target patterns, the rules for 
defining ( )if c are different.  To autonomously reconfigure 

the robot to adapt to environmental changes, when a new 



 
 

 

environment constraint is detected by the robot, a new ( )if c  

will be defined together with the associated flow control 
vector iK  if needed.  The corresponding parameters of 

( )if c  and iK  can be selected heuristically in the beginning, 

and the optimal parameters can be achieved with the help of 
an evolutionary algorithm, which will be discussed in details 
in Section V.   We will give a detailed description of how to 
define ( )if c  to generate a vehicle-like pattern and a pattern 

for climbing in the simulation section. 
      The target pattern is determined by the morphogen level 
in each grid. From the assumptions for the v-cell based 
mechanochemical model, we know that the higher the density 
of v-cells in the grid, the more likely the grid belongs to the 
target pattern. By contrast, the higher the ECM value in the 
grid, the grid has stronger environmental constraints.  
Therefore, the morphogen level of each grid can be defined as 
the difference between the density of the v-cells and the ECM 
value in the grid: 

i i imp n                                       (5) 

where imp  represents the morphogen level of grid i, which 

can be positive or negative depending on the density of the 
v-cells ( in ) and the ECM value ( i ). A positive morphogen 

level means that the grid should be occupied by a module, i.e., 
this grid belongs to the target pattern, whereas a negative 
value denotes that this grid does not belong to the target 
pattern, and if there is a module in the grid, it should be 
moved to another grid. A higher value of morphogen level 
indicates a higher priority for the grid to be filled by a 
module. 

Eventually, a grid whose morphogen level is greater than a 
predefined pattern threshold Z is assigned to the target pattern.  
This mechenochemical process stops when the number of the 
assigned target grids reaches the number of the available 
robot modules, and the formation of chemical target pattern 
completes.  
     Chemical pattern formation using the mechanochemical 
model of layer 1 can be summarized as follows. First, a 
predefined number of v-cells start to proliferate from a fixed 
starting grid in a 3D space, and the ECM value is generated in 
the grids according to Eqns. (1) and (2). Second, the v-cells 
proliferate and migrate to different grids over time based on 
the environmental constraints and task requirements. Third, 
the target pattern is defined based on the density of the virtual 
cells and the ECM value, which serves as the input to the 
GRN model in layer 2.  

D. Layer 2: Physical Pattern Realization 

While the target pattern of the modular robot is defined in 
terms of chemical density by the mechanochemical model in 
layer 1, the physical realization of the target pattern, i.e., the 
configuration of the modular robot to its target shape, is 
controlled by a gene regulatory network (GRN) model. To 
this end, we need to build a metaphor between a 
multi-cellular organism and a modular robot.  In this 
metaphor, each unit of the modular robot is considered as a 
cell containing a DNA.  The DNA consists of a number of 

genes that can produce different proteins. The proteins can 
diffuse into neighboring modules (cells), through which local 
communications between the modules can be established. 
The concentration of the diffused proteins decays over time 
so that morphogen gradients can be generated.  
     As described above, the target pattern of the modular robot 
is defined by morphogen levels associated to the grids. To 
place the modules in the grids of the target pattern, a local 
coordinate system must be built up. This can be achieved by 
setting an arbitrary module to be the origin of the coordinate 
system [7], and thus all other modules can figure out their 
relative positions to the module on the origin through local 
communications. With the help of the relative positions and 
the morphogen levels of the target pattern, each module can 
decide: (1) if attracting proteins should be produced to 
generate positive morphogen gradients for attracting other 
modules to fill in its neighboring positions, or (2) if repelling 
proteins should be produced to generate negative morphogen 
gradients for removing neighboring modules, or (3) if the 
module should respond to the attraction and repellence 
requests sent out by other modules. Thus, the reconfiguration 
of the modular robot is controlled through changing the state 
of the individual modules.  
     In the following subsections, we first describe the finite 
state machine of  a module.  Then, we introduce a GRN model 
that has two gene-protein pairs to control the desired state 
transitions of modules needed for realizing the target pattern.     
(1) Finite States of Modules  

    Each module can have five different states, namely, 
‘stable’, ‘unstable’, ‘attracting’, ‘repelling’, and ‘repelled’.    
The finite state machine of these five states of modules is 
given in Fig. 4. When an ‘unstable’ module arrives at the 
destination position (grid), it changes its state to “stable” 
(arrow a in Fig.  4). When a ‘stable’ module has neighboring 
positions having a positive morphogen level, it can change its 
state to ‘attracting’ (arrow b in Fig. 4) to attract ‘unstable’ 
modules to fill in those neighboring positions. Once those 
neighboring positions are occupied by a module, the 
‘attracting’ module returns to the ‘stable’ state (arrow c in Fig. 
4).  A ‘stable’ module may also move away from its current 
position so that it can fill in a more important position in the 
pattern (with a higher positive gradient) by turning its state to 
‘unstable’ (arrow d in Fig. 4).  

 
Fig. 4. State transition of each module in CrossCube. 



 
 

 

 
   A ‘repelling’ module repels some or all of its neighbors 
from their current position. Then the ‘repelled’ module 
moves away from those unavailable positions, and switches 
its state to ‘unstable’ (arrow h in Fig. 4).  A module can be 
triggered to the ‘repelling’ state in two situations. The first 
situation is when a ‘stable’ module finds out that some of its 
neighboring modules are located in the positions with a 
negative morphogen level. In this case, it changes its state to 
‘repelling’ (arrow e in Fig. 4) and switches the state of those 
neighbors to ‘repelled’ (arrow g in Fig. 3). When all the 
‘repelled’ modules have left, the ‘repelling’ module returns to 
the ‘stable’ state (arrow j in Fig. 4). The second situation is 
when a deadlock occurs. A deadlock happens when a 
‘repelled’ module is blocked by its neighboring modules.   To 
resolve this deadlock, the ‘repelled’ module switches its state 
to ‘repelling’ (arrow f in Fig. 4), and changes the state of all 
its neighbors to be ‘repelled’ (arrow g in Fig. 4). This 
removes some of its neighboring modules to make room for 
the blocked module to move away. Then the ‘repelling’ 
module returns to the ‘repelled’ state (arrow i in Fig. 4). 

    The state transitions are controlled by a GRN model having 
two gene-protein pairs: an attracting gene-protein pair ( ,A AG P ) 

and a repelling gene-protein pair ( ,P PG P ).  We assume that 

the repellent states always have a higher priority than the 
attracting states. As a result, all the states triggered by the 
attracting behaviors can be overwritten by the states triggered 
by the repelling behaviors. The reason for this assumption is 
that the grids with a negative morphogen level should be kept 
empty as long as module migration is still in need for 
reconfiguration.  
(2) Gene-Protein Pair for Attraction  

     The attracting gene-protein pair ( ,A AG P ) is used to control 

the transitions between ‘attracting’, ‘stable’ and ‘unstable’ 
states in Fig. 4.  In the beginning of the physical pattern 
realization, all modules are set as ‘unstable’. After they are 
initialized with the target pattern and the relative position to 
the origin of the pattern, modules that are located in the grids 
with a positive morphogen level become ‘stable’.  A new 
‘stable’ module initializes the gene expression level of its 
attracting gene AG   to zero, and generates an attracting 

protein AP  for all of the empty neighboring grids having a 

positive morphogen level so that ‘unstable’ modules can be 
attracted to fill in these empty grids.  Here, AP  is defined as  

{ , , }ij ij i ij
A AP AP S C                               (6) 

where ij
AP   is the attracting protein generated by i-th module 

for its j-th neighbor. ijAP is the j-th neighboring attracting 

position of  i-th module. iS  is the identification label of i-th 
module, and ij

AC is the concentration of the protein ij
AP , which 

equals to the morphogen level of ijAP . AP  can regulate local 

AG and diffuse into neighboring modules to regulate  AG  of 

neighboring modules as well. 

     The dynamics of AG and AP  can be described by the 

following GRN model:  

1 2 _ 3 _

( )
( )A

A A local A rec

dg t
k g t k p k p

dt
                 (7) 

where ( )Ag t is the gene expression level  of  AG  at time t. 

_A localp  and _A recp  are protein concentrations of locally 

generated protein and received protein from neighboring 
modules, respectively.  1 2 3, ,and k k k  are constant coefficients. 

Based on the expression level of Ag , the state of the module 

can be regulated according to the following rule:   
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where _A LG  is a negative threshold and _A HG  is a positive 

threshold.  According to Eqn. (8),  Ag  falls below a negative 

threshold _A LG  with the increase of 3 _A reck p  .   

    A higher value of 3 _A reck p   means that there are some 

more important positions to be filled in.  So the module needs 
to change its state from stable to unstable and move to a more 
important position following the attracting morphogen 
gradient. An unstable module chooses a AP  with the highest 

concentration value from all the received attracting proteins. 
Then the module migrates to the attracting position requested 
by that AP .  In order to guide the unstable modules to migrate 

to their destination, each module can detect the proteins 
within its local environment and choose the position with the 
highest protein concentration as its destination. Once they 
reach their destination, the unstable modules become stable. 

    The expression level of Ag  will be enhanced when 

2 _A localk p   is increased, which means that the module 

detects that there are some important neighboring positions it 
needs to fill in. So the module changes its current state to the 
attracting state. The attracting module emits attracting 
proteins in the grid in which it sits, and the emitted proteins 
will then diffuse into other modules.  The attracting module 
will become stable again when its neighboring attracting 
positions are all occupied. 

     To summarize, the gene-protein pair ( A AG P ) can 

regulate each other according to the GRN model described in 
Eqns. (7) and (8). More specifically, AP  can regulate 

AG through Eqn. (7).  On the other hand,   AG can determine 

when AP  is allowed to diffuse based on Eqn. (8). That is to 

say, only if the expression level of AG  is above 

_ _ and A H A LG G ,  AP  can be generated; and only if the 

expression level of AG is above _A HG , AP  is allowed to 



 
 

 

diffuse.     
(3) Gene-Protein Pair for Repelling 

      The ‘repelling’ states are controlled by the repelling 
gene-protein pair ( ,P PG P ). The repelling modules produce 

PP , which is defined as  

 , ,ij ij ij ij
P PP RP S C

                                   (9)
 

where ij
PP   is the repellent protein generated by i-th module 

for its j-th neighbor. ijRP is the j-th repellent grid position 

around i-th module. iS  is the identification label of repelling 

module i, and ij
PC is the concentration of the protein ij

PP , 

which equals to a predefined positive constant.   As we 
mentioned before, when a stable module finds out that some 
of its neighbors are located in the positions with a negative  
morphogen level, it changes its state to the repelling and turns 
the state of these neighbors to repelled. If the repelling 
module is triggered in this situation, ijRP is reset in such a 
way that PP  can only repel the specific neighbor modules 

that is located in ijRP . If the repelling module is triggered by 
a deadlock, ijRP is not set because PP should be detected by 

all the neighboring modules of the repellent module. 

      The gene expression level of Pg  is initialized as the 

morphogen level of the current position of the module. It can 
be regulated by PP  through the following equation:  

4 5 _

_

( )
( )

state = repelled when 

P
P P rec

P P L

dg t
k g t k p

dt
g G

    


  (10) 

where ( )pg t  is the gene expression level of the repellent gene 

PG  at time t. _P recp  is the concentration of the received 

repellent protein. _P LG  is a negative constant threshold, and 

4 5 and  k k  are constant coefficients. 

     When a module receives PP  , the concentration of Pg  will 

be reduced.  If _p P Lg G , the module changes its state to 

‘repelled’. Obviously modules with a lower morphogen level 
are more easily to be repelled. 

    To summarize, PP   can regulate PG  through Eqn. (10). 

PG  can produce PP  under the condition that PG  is below 

_P LG  and  the module is blocked.   

IV. Evolving the Pattern Model using the CMA-ES 

  To optimize the chemical pattern formation using the 
mechanochemical model, the covariance matrix adaption 
evolution strategy (CMA-ES) is employed for tuning the 
pattern formation parameters in the model. CMA-ES is a 
stochastic, iterative optimization method belonging to the 
class of evolutionary algorithms (EAs) proposed by Hansen 

and Ostermeier [8][9]. CMA-ES has shown to work 
efficiently with a small population size.  

Based on the CMA-ES [8],   offspring are generated from 
 parents, where . Offspring individuals are generated by 
adding a random number generated from a normal 
distribution to a parent, or a recombination of a number of 
parents: 

 

),0(~ )()()()1( g
i

ggg
i CNmx        for 1, ,i     (11)  

  
where “~” denotes the same distribution on the left and right 

side.  )1( g
ix is the i-th offspring individual in generation 

1g , and x is a vector nRx , which consists of the 

parameters need to be evolved.  Vector ng Rm )(  represents 
a recombination of a few parent individuals of generation g . 

)(g  is the step-size that controls the step length of mutation 

in generation g . )(gC  denotes the covariance matrix in 

generation g  and ),0( )(g
i CN  is the i-th multivariate normal 

distribution with zero mean and covariance matrix )(gC . 

 To determine the complete iteration, )1( gm , )1( g and 
)1( gC  are defined as: 

                      )()()()1( g
w

ggg ymm                          (12)                      
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where 1c  is the learning rate for the step-size adaptation, 

1d  is the damping parameter for step-size update. 1c  and 

c  are the learning rates for the rank-one update and the 

rank-   update of the covariance matrix, respectively. iw  is 

the i -th positive weight coefficient for recombination. In 

addition, functions )1( g
wy , )1( gp , and )1( g

cp  can be 

obtained from generation 1g as follows, 
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where 
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i ieff w  is the variance effective selection 
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ki mxy   .The reader is referred to 

[9] for a detailed description of CMA-ES. 
 

V. Experimental Results 
 

    To evaluate the efficiency and robustness of the 
morphogentic framework for self-reconfiguration of the 
modular robot, CrossCube, several case studies have been 
conducted in a robot simulator, as shown in Fig. 5.  This 
simulator is used to simulate the behaviors and interaction of 
CrossCube with a physical world using C++ and the PhysX 
engine from nVidia (http://en.wikipedia.org/wiki/PhysX). In 
the following experiments, the system parameters of the 
hierarchical model are set up as follows. The parameters of 
the GRN model in layer 2 are: 1 0.7,k  2 1,k   3 1k  , 

4 0.5,k  5 2k  , _A LG  = -1, _A HG  = 1, _ 2P LG   , ij
PC  = 

0.7.  The parameters of the model in layer 1 are: r=0.005, 
N=200, d=1, a=0.05, b=20 and e=1.  Protein concentration 
decays to 80% of its previous level when it diffuses into a 
neighboring module.  For case studies 3 and 4, the CMA-ES 
method is employed to evolve the pattern parameters in the 
mechanochemical model to achieve optimal pattern 
formation, and the evolved parameters are provided in 
Sections V(C) and V(D).  

A. Case Study 1: Pattern Formation 
    In case study 1, we focus on the vehicle pattern formation.  
As we mentioned before, different ( )if c should be defined in 

Eqn. (2) for different target pattern.   We first provide the 
following design guidelines for the vehicle patterns before 
discussing the experimental results.  
 The chassis of a vehicle pattern should be a rectangle or 

similar to a rectangle. The total width of the vehicle is 
denoted by max minW x x  , where maxx  and minx  are 

the rightmost and leftmost positions of the vehicle 
pattern.  

 There have to be modules served as wheels on the left 
and right boundary of the chassis of a vehicle pattern. 
Wheel modules cannot be immediate neighbors, 
otherwise they cannot rotate freely.  

 The target pattern should be built up from the bottom 
floor to the top. Only when the bottom floor is filled up 
and there are still modules left, the top floor will be 
filled. For example, a pattern that only has a single floor 
is preferred to the pattern with multiple floors in an 
open space. 

  
    Based on these guidelines, the function ( )if c  can be 

defined in the following manner. To follow the first two  
guidelines, when the input position ic is at the side-boundary 

positions (i.e., the rightmost or leftmost positions), the v-cells 
on this position will generate ECMs with the level of 

wheelECM  on all immediate neighboring positions except for 

the one on “inner” direction toward the pattern. This rule can 
be used to generate rectangle chassis and wheel shapes on 

both sides of the chassis. To follow the third guideline, when 
the input position (the current grid position) does not contain 
any v-cells previously and is occupied by v-cells for the first 
time, the v-cells will generate an ECM with the level of 

upECM on the upper neighboring position to prevent the 

system from building top-floor modules.  
Three experiments are carried out to verify the 

effectiveness of the proposed hierarchical morphogenetic 
model.  In the first experiment, 16 robot modules are initially 
deployed in a 4x4 square. The space available for robot 
modules for self- reconfiguration is a 4x5 space as shown in 
Fig. 5(a).  
        

 
(a)                                        (b) 

 
(c)                                       (d) 

 
(e)                                       (f) 

 Fig. 5. A set of snapshots of the self-reconfiguration process using 
the proposed hierarchical morphogenetic model in a 4x5 space.  (a) 
The initial configuration of a modular robot in a 4x5 space. (b) The 
starting stage of the running v-cell model. (c) The final stage of the 
density distribution of v-cells. (d)(e) The GRN-based algorithm is 
applied to mechanically build up the target shape produced by v-cell 
based model. (f) The final target pattern has been constructed by the 
modular robot.     
 



 
 

 

The parameters in ( )if c  are defined as minx  = 0, maxx  = 

4, wheelECM =n*100, upECM =130, where n is the density of 

v-cells in the input position ic . Pattern threshold Z is set to 

100, which means that a grid will be considered to belong to 
the target pattern if the density of the v-cells in the grid is 
higher than 100.  Since there is no special request for the 
grow trend of the v-cell flow, the flow control vector of 
v-cells is defined as follows: 

1, 1, 1, 1, 1, 1up down left right forward backward
i i i i i ik k k k k k        .      

    Figs. 5(b)-(f) demonstrate the procedure of the 
self-reconfiguration of a modular robot using the hierarchical 
morphogenetic model. First, the v-cell based 
mechanochemical model is applied to create the target pattern 
based on the environmental constraints and target pattern 
requirements. Then, the GRN model is employed to 
self-reconfigure the modules to physically realize the target 
pattern defined by chemical concentrations.  Fig. 5(b) shows 
that 100 v-cells start to proliferate from a randomly picked 
starting position and create ECMs on different grids 
according to Eqns. (1) and (2). Fig. 5(c) shows the final state 
of the distribution of the v-cells, where the candidate 
positions of the target pattern have been selected, and the 
morphogen level of each position is defined based on the 
difference between the density of the v-cells and the ECM 
value in the grid, which can be used as the input to the GRN 
model of layer 2.   Figs. 5(d)-(e) show the procedure of the 
physical pattern realization using the GRN model of layer 2. 
Fig. 5(f) shows the final constructed target pattern of the 
modular robots.   

Please be noted that the blue grids in Fig. 5 represent the 
real robot modules in the stable state. The black grids 
represent the modules in the unstable state.  The pink grids 
represent the density distribution of v-cells in the robot 
modules, where the darker the color, the higher the density of 
the v-cells in the modules is. The grids in magenta color 
represent the obstacles in the environment. These 
representations apply to all the following simulation results, 
unless otherwise stated.  

In the second experiment, the same number of robot 
modules is initialized in the same way as in the first 
experiment but in a smaller 4x4 space. The parameters in 

( )if c  are the same as in the first experiment.   Based on the 

new environmental constraints (i.e., a 4x4 square space) with 
the same pattern constraints (i.e., a vehicle pattern with 
wheels on both sides), a two-floor vehicle pattern is 
constructed following the same procedure of the previous 
experiment, as shown in Fig. 6.  Although the final pattern as 
shown in Fig. 6(f) is not fully symmetric, the requirements of 
vehicle pattern are still well met.   

 

  
(a)                                          (b) 

   
(c)                                          (d) 

  
(e)                                          (f) 

Fig. 6. A set of snapshots of the self-reconfiguration process using 
the proposed hierarchical morphogenetic model in a 4x4 space. The 
explanations of Fig. 6(a) to Fig. 6(f) are similar to Fig. 5.  
 
     In the third experiment, a vehicle pattern in an open space 
is generated using the proposed hierarchical model.  The 
parameters in ( )if c  are defined as follows: The parameters 

in ( )if c  are: minx  = 0, maxx  = 4, upECM =100, 

wheelECM =n*100, where n is the density of v-cells in input 

position. The pattern threshold Z is set to 170. The robots are 
distributed in a 4x6 rectangle.  
     Since there is no environmental constraints in an open 
space, a one-floor vehicle pattern will be generated, which 
matches the guidelines of the vehicle-like pattern design.  The 
ECM valued generated by the v-cells on the left and the right 
boarders can be used to generate the wheels. The generated 
ECM value by a wheel slows down the diffusion of the v-cells 
into the wheel’s neighboring grids.  As a result, no two wheel 
modules can be immediate neighbors so that wheels can 
freely rotate. A set of snapshots of this experiment are shown 
in Fig. 7.   
 



 
 

 

     
(a)                                          (b) 

   
(c)                                          (d) 

   
(e)                                          (f) 

  
(g)                                          (h) 

  
(i)                                          (j) 

Fig. 7. A set of snapshots of a vehicle pattern generation of a 
modular robot in an open space.   

 
B. Case Study 2: Self-Repairing 
    One important feature of reconfigurable modular robots is 
their ability to self-repair malfunctioned or damaged 
modules. For example, if some of the modules are damaged, 
the remaining modules will release new attracting proteins to 
repel those damaged modules and attract existing modules in 
the positions with a low morphogen level to fill in the 
positions of the damaged modules.  In other words, modules 
that are located in less important positions of the target 
pattern will automatically migrate to the positions originally 
occupied by the damaged modules with a higher morphogen 
level. 
     To evaluate the self-repairing performance of the 
GRN-based control in layer 2, another experiment is 
conducted here. The bottom-floor modules are functional 
modules in the vehicle pattern. The top-floor modules are 
backup modules that are used for self-repairing the 
malfunctioned parts of the vehicle pattern. Therefore, the 
backup modules have a lower morphogen level than that of 
the functional modules. 
     When the vehicle is moving, an “explosion” occurs and 
some functional modules are blown away. The backup 
modules then move to fill in the damaged modules. Fig. 8 
shows a snapshot of this self-repairing procedure using the 
proposed hierarchical framework.  This experiment 
demonstrates that the proposed approach is able to self-repair 
a modular robot in case of failed modules.    
 

 
Fig. 8. A set of snapshots of the self-repairing of CrossCube using 
the GRN-based controller.  (a) A vehicle pattern is formed. (b) The 
vehicle pattern moves forward. (c) Some modules are blown off 
when the explosion happens.  (d) The failed part is filled up by the 
backup modules. (e) The vehicle is repaired.   (f) The repaired 
vehicle continues moving. 



 
 

 

 
C. Case Study 3: Pattern Adaptation in a Changing 

Environment – Climbing Stairs 
This case study is to verify the efficiency and robustness of 
the hierarchical model for a modular robot to adapt to 
environmental changes. More specifically, we want to show 
that a modular robot using the proposed hierarchical model is 
able to climb stairs by changing its pattern autonomously.  
The starting position of the robot is initialized with 4000 
v-cells and the robot is distributed in a 3x3 square.  
    First, in order to trigger the robot to move forward, a 
forward “force” needs to be applied on all v-cells to push 
them to move forward.   To update the density of v-cells in 
each grid, this forward “force” can be obtained from the last 
term receivedn  in Eqn. (1).  In other words, each grid will 

provide Q v-cells to its front neighboring position assuming 
that this front neighboring position is a valid position to hold 
v-cells (it is either occupied by a robot module or by an 
immediate neighbor of a robot module, however, it should not 
be occupied by obstacles).  
   Second, we need to define ( )if c generic pattern for 

climbing.  Since we want the pattern to be able to move 
forward and climb up the stairs, the major environmental 
constraint is that the v-cells should not diffuse in other 
directions, such as right, left, or backward directions. 
Diffusion of v-cells in the right or left direction will increase 
the width of the pattern during the traveling, which may 
eventually make the movement impossible. Diffusion of the 
v-cells to the backward rear direction will make the robot 
moving backward.  Therefore, the parameters of ( )if c  

include  the width of the pattern, the v-cell fluid Q to the front 
direction, and the pattern threshold Z .  If the input position ic  

is at the leftmost or rightmost position of the pattern, it will 
release ECM to its immediate neighboring left or right grid 
with the level of n*100, where n is the v-cell density of  the 
input position, so that the pattern will keep the same width all 
the time.  
      Since the robot has to climb up on the stairs, the v-cells 
flowing to an upper direction should be encouraged. 
Combined with the constraints of ( )if c , we can also  set up 

the flow control vector of v-cells to help for the climbing.  . 
     Then, the CMA-ES is applied to evolve the above 
parameters of ( )if c  and the flow control vector to achieve 

the optimal pattern through evolutionary learning. Since 
CMA-ES does not require a large population size, we set 

20, 5   and 50  .  The fitness function is defined as 

the time needed for all the modules of the pattern can 
accomplish climbing on the stairs.  The shorter the climbing 
time, the higher the fitness value is.    The evolved parameters 
are Q=3, Z=30, 1, 0,up down

i ik k   0.5,left
ik   

0.5, 0.7,right forward
i ik k  and 0.7backward

ik   assuming that the 

width of the pattern keeps the same value 4 all the time. 
     A set of snapshots showing the adaptation of the vehicle 
pattern to environmental changes is provided in Fig. 9.  When 
the stairs in the environment are detected in front of the robot, 

new target patterns are automatically generated to allow the 
robots to climb the stairs. During this procedure, the 
GRN-based controller for physical pattern formation 
automatically reconfigures the modules to form the new 
target patterns.  Since this is a distributed system, where each 
module makes its own movement decisions based only on its 
local information, the dynamics of layer 1 and layer 2 is 
updated asynchronously.  More specifically, the v-cells first 
flow to an intermediate position (not yet the target position), 
then the modules will move to these positions controlled by 
the GRN model. The two processes interleave until the target 
pattern is realized or the robot climbs up the stairs.   
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Fig. 9. A set of snapshots demonstrating  the reconfigurable 
processes in the stair-climbing case using the proposed hierarchical 
model.   
 
D. Case Study 4: Pattern Adaptation in a Changing 

Environment – Traversing a Narrow Passage 
      To demonstrate that the modular robot using the proposed 
hierarchical model can autonomously adapt to changing 
environments, another experiment was conducted. To 
optimize the pattern design of the modular robot for a 
locomotion task, the CMA-ES is applied to evolve the pattern 
parameters of ( )if c , which include the width of the robot 

(W), the upECM value generated by the v-cells in the current 

grid to upper grids, and the threshold Z above which a grid 
will be considered as one in the target pattern.   
 

 
(a)                                          (b) 

 
(c)                                          (d) 

 
(e)                                          (f) 

 
(g)                                          (h) 

 
(i)                                          (j) 

Fig. 10. A set of snapshots demonstrating a series of reconfigurable 
processes during locomotion in a changing environment where the 
robot adapted its width to a narrow path.  
 
     Here, for a locomotion pattern, the fitness function is 
defined as the travel distance within a certain time period.  
The longer the robot can travel within a certain time period, 
the better the current pattern is for the locomotion task.  
Similar to case study 3, we set 20, 5    and 50  .  

The parameters of the best evolved vehicle-like pattern are: W 
= 3, upECM  = 100, and Z = 136. Fig. 10 shows a set of 

snapshots of the self-adaption procedure of the robot in a 
changing environment, where the robot dynamically change 
its pattern when a narrower passage is detected.   

 
VI. CONCLUSION AND FUTURE WORK 

    In this paper, we presented a two-layer hierarchical 
morphogenetic approach to self-reconfiguration of modular 
robots, which is inspired by multi-cellular morphogenesis. 
Layer 1 of this morphogenetic framework is a virtual-cell 
based mechanochemical model that can generate appropriate 
target patterns for modular robots to adapt to environmental 
changes.   Layer 2 is a gene regulatory network (GRN) based 



 
 

 

controller that can automatically self-reconfigure the modular 
robots to achieve the desired configuration generated by layer 
1. In addition, the CMA-ES is employed to evolve the 
parameters of the mechanochemical model so that a modular 
robot can generate new patterns to adapt to environmental 
changes. Such a hierarchical structure makes it possible to 
separate the control mechanisms for defining a target 
configuration from those for realizing it, similar to biological 
morphogenesis. In response to the environmental changes, 
the layer for defining the target pattern of the modular robot is 
able to adapt the target configuration, based on which the 
second layer can re-organize the modules autonomously to 
realize the target configuration. 
     In the future, we will investigate the following two issues. 
First, we will develop a physical modular robot of CrossCube 
and implement the proposed hierarchical morphogenetic 
framework on real modular robots. Second, more complex 
environmental changes will be implemented to evaluate the 
robustness of the proposed approach.    
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