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Summary. We are developing biomimetic robots based on neurobiological model systems, the 
lobster and the lamprey. Existing implementations of these robots are based on finite state 
machine based controllers that instantiate a set of finite state machines based on the 
organizational units of the animal model nervous systems. These state machines include leg or 
body axis central pattern generators (CPGs) that generate leg movements or undulations, 
postural pattern generators that control compensatory appendages and/or adaptive sensors and 
sensory integration networks that process sensor information. The use of neuron models instead 
of finite state systems allows one to replicate in great detail the real behavior of the 
neurobiological system (a network) and, thanks to spiking nature of the models, provides a link 
between the control functions and the experimental measurements from the animal. The key 
feature of these models is that because they are based on capturing of nonlinear dynamical 
behavior of neurons rather than neuronal conductance models, they are simpler, can operate in 
real time and are thus suitable for robotic control applications. 
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1 Introduction 
Animals adapt w îth impunity to complex environments that challenge the most 
sophisticated engineered systems. A standard approach in robotics is to control 
systems with rule-based finite state machines (Brooks 1991). Animals, however, 
control their behavior with networks of neurons and simple animals have 
correspondingly simple nervous systems. The dynamical principles organizing the 
neuron networks that control animal behavior are efficient, robust and flexible. How 
they achieve this is still not clear even for the cases of relatively small biological 
networks where all connections are established (Selverston, Rabinovich et al. 2000). 
The main difficulty in the achieving a complete picture and identifying the 
fundamental mechanisms for dynamical control of behavior is that the network needs 
to be studied while it operates under closed loop conditions. 
A recent trend in the analysis of animal behavior has involved the construction 
biomimetic robots that include animal like sensors, actuators and neural circuit 
controllers and analysis of their dynamics during interaction with the environment 
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(Webb 2001). Development of such robots allows the investigator to instantiate 
hypotheses, but what is presently missing is the capability to instantiate hypothetical 
networks from neurons and synapses and test their operation in a vehicle. We are 
developing electronic nervous systems (ENS) composed of analog and computed 
neurons and synapses for biomimetic robots based on neurobiological model systems, 
the lobster and the lamprey (Ayers 2004). 
Existing implementations of these robots are based on finite state machine based controllers that 

Fig. 1. Upper Panel: The lobster-based ambulatory robot. Lower Panel: The lamprey-based undulatory 
robot. 

instantiate a set of finite state machines based on the organizational principles of the animal 
model nervous systems (Ayers and Witting 2007). These state machines include leg or body 
axis central pattern generators (CPGs) that generate leg movements or undulations, postural 
pattern generators that control compensatory appendages and/or adaptive sensors and sensory 
integration networks that process sensor information. A hierarchical command and coordination 
level that sequences behavior makes choices and establishes the inter-segmental coordination 
pattern of the locomotory CPGs, modulates the state machines (Ayers 2004). The state machines 
implement connectivity and dynamical rules of the system elements. For example the leg CPGs 
are based on a synaptic network containing neuronal oscillator, pattern generation and recruiter 
levels. The central commands have 2-5 states and recruited by input from exteroceptive sensors. 
Although these systems are quite effective in laboratory conditions their effectiveness in 
unpredictable field environments degrades. 

In this manuscript, we report progress on replacing the finite state machine controllers 
with electronic nervous systems formed of synaptic networks of electronic neurons 
(Rulkov 2002). The use of neuron models instead of finite state systems allows one to 
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replicate in great detail the real behavior of the neurobiological system (a network) 
and, thanks to spiking nature of the models, provides a link between the control 
functions and the experimental measurements from the animal. Now we can not only 
suggest and implement a control mechanism but also compare its operation with real 
data from the models. 

Fig. 2. Discrete Time Map (DTM) Based Neurons, a. Return Map of the fiinction (see text). b. 
Bifurcation diagram for different ranges of ( and f. c. Synaptic network modeled in e & f Cell b is 
configured in the bursting regime. Cell c is configured in the spiking regime, d. Effect of long time constant 
synaptic inputs from a (a command neuron) on b & c. e. Entrainment of 
the bursting rhythm evoked in b & c by pulsed short time constant synaptic input from d (a coordinating 
neuron). 

A two-dimensional discrete time map that describes spiking and spiking-bursting 
behavior of a neuron model (Rulkov 2002) can be written as follows 

yn.x = J , - / / (x^+ l ) + /iO- + //cr, , 
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where jc„ is the fast and y„ is the slow (due to 0<m.«l) dynamical variables. The 
nonlinear fiinction is written in the following form 

(a/(l-xJ-\-u, x„<0, 

fa(^n^.^n-v^) = j ^ + w, 0 < x„ < ̂  + w andx^.j < 0, 

[-1, x^>a-\-u or x„_j > 0, 

where the third argument u stands for j„ or a combination of input variables that 
depend on the model type. Input variables bn and s„ incorporate the action of synaptic 
inputs F" and can be written as P^^P^Lyn ^ ^n=^E(LynX ^^^^^ ^E is a 
constant that controls how quickly neuron respond to the input and supports dynamical 
mechanisms for spike frequency deceleration for DC pulses of current. 

A simplified one-dimensional analog of the model is can be written as 

where b''^ is a constant defining the resting state of the DMT model. This type of 
model does not allow the onset of self-sustained regime of bursting. The simplest 
map-based model for a synaptic current can be written as 

Tsyn _ jsyn _ I Ssyn \^n ~ ^rp ) ' ^V^^^pre ' 

"̂  " [ 0, otherwise, 
where gsyn is the strength of synaptic coupling, indexes pre and post stand for the 
presynaptic and postsynaptic variables, respectively. Here g controls the relaxation 
rate of the synaps (0 £ g < 1) and Xrp defines the reversal potential and, therefore, the 
type of synapse: excitatory or inhibitory. 

Chemical-based synapse models allow the generation of realistic neuronal circuits. Fig. 
2d-f illustrates the implementation of a simple CPG circuit with DTM neurons. DTM 
synapses can be configured with different time constants to mediate slow 
(neuromodulatory command) or fast effects (perturbation) on other neurons. In this 
example, the command neuron a, turns on the oscillation in b and c through long time 
constant synapses. Neuron d (here a coordinating neuron) is able to perturb and entrain 
the rhythm in b and c due to short time constant synapses. 

The key feature of these models is that because they are based on capturing of 
nonlinear dynamical behavior of neurons rather than neuronal conductance processes. 
Therefore, they are simpler, can operate in real time and are thus suitable for robotic 
control applications. Using these circuits we have been able to instantiate the same 
control models implemented with the finite state machines. Unlike the state machine 
models the EN models are capable of a high degree of modulation of intrinsic 
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variability including chaos, ensuring a high degree of adaptability as well as a rapid 
return to robust stability (Selverston, Rabinovich et al. 2000). 

3 Higher Order Control 
In the intact animal, a CPG is only one component of the neural machinery underlying 
locomotion. Descending command units from the brain can modify the movements of 
single limbs while the CPG is operating so as to provide steering and velocity control 
(Ayers 2000). In addition, limb proprioceptive reflexes also operate concurrently with 
the CPG drive to adjust the motor pattern to the immediate environment. 
Exteroceptive reflexes, result from feedback extrinsic to the organism and act upon 
sets of CPGs through command and/or modulatory intemeuronal systems. 
Exteroceptive reflexes mediate taxes and kineses, responses to gravity, surge and 
optical flow, etc., and can both trigger behavioral acts as well modulate them on an 
ongoing basis (Kennedy 1977). Animals fuse layers of exteroceptive reflexes to 
mediate orientation, navigation and investigation. For example, many animals have a 
sense of direction relative to the earths magnetic field (Lohmann, Pentcheff et al. 
1995). Orientation to water currents are fundamental to rheotaxis (Moore and Grills 
1999) and chemotaxis (Hanna, Grasso et al. 1999). 

The command networks that orchestrate behavior in the brain consist of sensory 
intemeurons, low level commands, organizing commands, pattern generators and 
command logic. Sensory intemeurons will process input from the different 
exteroceptive sensors (compass, antennae, inclinometers, bump detectors) to realize 
releasers for different behaviors as well as to modulate ongoing behavior. We are 
developing a hierarchy of commands. Low-level commands act on specific task 
groups such as the antennae, legs, claws and abdomens. Command organizers act on 
sets of low level commands to mediate complete behavioral acts. Command pattern 
generators pattern sequences of the activity of command organizers and terminate 
goal-achieving sequences. Behavioral choices are mediated by synaptic interactions 
between these different elements (Edwards 1991). Command logic is the prioritizing 
connectivity that mediates behavioral choice and hierarchy (Kovac and Davis 1977; 
Takahata 1998). 

We have performed detailed modeling of the exteroceptive control of rheotaxic 
behavior mediated by antennal sensors and have developed a hypothetical network 
that will mediate rheotaxic behavior in flow in surge. Surge and flow can be detected 
by strain gauges embedded in the antenna that are bent by flow as well as the optical 
flow of suspended particulates. Two layers of intemeurons that distinguish lateral 
versus axial flow and activate walking command systems to mediate rotational and 
yawing components of rheotaxis process the sensory input. 
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Fig. 3. LabView'̂ '̂  Discrete time map neuron simulations of rheotaxic responses to surge, a. Orientation of 
antennae and orientation of surge, b. The circuit connecting antennal bend afferents, with sensory 
intemeurons (surge) and walking command neurons (F: forward; B: backward). The upper trace shows the 
flow velocity for lateral flow. c. The bend afferents are connected by lateral inhibition such that the high 
bend (H) inhibits the medium (M) and low (L) bend and the medium bend inhibits the low bend. d. 
rotational responses to lateral surge with the antenna held forward as indicated in a. The 2nd through 7* 
traces indicate the responses of low, medium and high bend afferents (color coded). The 8* and 9* traces 
indicate the responses of rotational and surge intemeurons. The 10* and 11* traces indicate the responses of 
forward and backward command neurons 

Fig. 3 illustrates a simple network to mediate the rotational component of rheotaxic 
behavior. The antennae we have developed each have 6 labeled lines that transduce 
three degrees of bending to the left and right. If the antennae are projected forward 
(Fig. 3a) and flow occurs from the left, the left antennae would be bent medially and 
right antennae will be bent to the laterally (Fig. 3). A left rheotaxis intemeuron would 
respond to this and activate the left backward walking command and the right forward 
command to initiate a rheotaxic rotational turn to the left, into the flow by activating 
the backward command on the left side and the forward command on the right side. 

The suite of exteroceptive reflexes will involve additional layers similar to this to 
mediate heading control (sensor: compass), translation and angular rotation (sensor 
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optical flow vision sensor and micro engineered machine (MEMs) accelerometer), 
balance (sensor: MEMs inclinometers) and collisions (sensors: antennae and bump 
detectors). We have been able to implement a sense of direction by coupling the sine 
and cosine signals from a Hall-effect compass to a network of DTM sensory neurons. 
This process involves coupling the output of the analog sensor to the bias current of 
the DTM neuron. Lateral inhibition (Fig. 3c) is then used to range fractionate the 
output. By this means, we can endow the robot with a neuronal-based sense of 
direction. 

Fig. 4. Sensory fusion of hydrodynamic and optical flow reflexes, a. Behavioral responses to 
combinations of angular rotation and translational optical flow. b. Neuronal circuits mediating the 
exteroceptive reflexes. The arrows indicate unidirectional optical flow sensitive sensors. Circles 
represent forward (F) and backward (B) walking commands c. Network fusing optical flow sensors and 
antennal bending sensors to mediate rheotaxis. 

We are developing layered sets of exteroceptive reflexes that in some cases will fuse 
two or more modalities. For example, a Ladybug^^ optical flow sensor (CentEye, Inc.) 
can be used to instantiate bilateral unidirectional flow sensitive neurons that frequency 
code the velocity of unidirectional motion in the same fashion as crustaceans 
(Wiersma and Yamaguchi 1966). Crustaceans exhibit four basic compensatory 
responses responses to the angular and translational components of optical flow (Fig. 
4a). Like the hydrodynamic flow example described above, these optical flow layer 
responses can be instantiated by simple networks connecting sensors with locomotory 
command neurons. Fig. 4b. This optical flow layer can fuse with the corresponding 
hydrodynamic flow layer to provide more robust modulation (Fig. 4c). 

4 Undulatory Robots 
We are also developing an ENS for the control of swimming in an undulatory robot based on the 
biomechanics and neuronal control mechanisms of the sea lamprey Fig. 1. The propulsive 
system of the undulatory robot (Fig. 1) is a polyurethane strip that is flexed by five bilateral 
pairs of shape memory alloy (Nitinol) actuators. We found that five actuator pairs projecting 
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from 25 to 65% of the body axis were adequate to generate lampriform swimming movements. 
Alternating bilateral flexions propagate down the body axis with the same duration as the 
undulatory period, eliminating vortices and producing highly efficient swimming. Climbing and 
diving are mediated by a SMA actuated pivot between the hull and body axis (Fig. 1) that allows 
the generation of low-pressure areas above and below the hull. Turning is mediated by biasing 
the amplitude of flexions to the two sides. Current sensors include a pitch inclinometer, 
compass and a depth gauge. Power is provided by 10-nickel metal hydride batteries providing 
a mission duration of about 1 Vi. hours. 

Fig. 5. Kinematic Analysis of lamprey swimming, a. Experimental assessment of thrust production 
during lamprey swimming. The specimen is tethered to a strain gauge by a thread cemented to the skin at 
25% of body length. The numbers represent the instantaneous thrust and time code. b. Correlation of the 
position of lateral flexions (expressed as % of body length) in each frame of the movie with instantaneous 
thrust (from the video meter). The undulations form propagating flexion waves. Thrust peaks, when the 
corresponding flexion wave reaches about 65% of body length. 

To quantitatively analyze the undulatory behavior of the lamprey, ŵ e employed a 
computer program uses stop-frame analysis of video images to establish the dynamics 
of body flexion's (Ayers 1989). Filmed sequences of swimming were then digitized and 
analyzed on a frame-by-frame basis (Ayers, Carpenter et al. 1983). Kinematic analysis 
of body curvature demonstrates swimming behavior is organized into lateral flexion 
waves that propagate either from nose to tail or tail to nose. During swimming, the 
propagation time of flexion waves down the body axis is equal to the period so 
specimens always maintain an S-shape during swimming. 

We developed multimedia techniques to correlate the electrophysiology of behaving 
animals with their kinematics (Ayers 1990). The electromyograms or CNS recordings 
were recorded on the audio tracks of a videocassette recorder, the behavior in the 
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Fig. 6. Multimedia analysis of lamprey swimming. The top trace is the video frame number. The 
second two traces are electromyographic recordings from myotomes on the right side of the body. The 
third trace is a graph of the locus of flexions sorted into flexion waves. The horizontal dashed lines in 
this figure indicate the locus of the electromyographic electrodes. The third trace is the curvature of 
the lateral flexions sorted into flexion waves. The bottom trace is the instantaneous swimming thrust. 
The vertical dashed lines in the second and third traces indicate when the flexion wave passes over the 
recording electrode 

video signal while slower parameters like thrust were embedded in the video signal 
using a video meter. After digitization, the data could be combined in displays that 
directly correlate electrophysiology with kinematics and thrust generation (Fig. 6). We 
found that there was considerable variation in output on a cycle-by-cycle basis, 
particularly in response to vibrational stimulation of the aquarium. The most striking 
finding of these experiments is the long phase lag between the electromyographic 
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excitation of the muscle and the mechanical propagation of the flexion wave past the 
recording site. Secondly there is considerable cycle-by-cycle variation in the 
amplitude of thrust and this was correlated with the amplitude of the corresponding 
electromyographic burst. Surprisingly, amplitude could vary profoundly while timing 
of the undulations was quite stable. This finding implies that descending modulatory 
influences can bypass the neuronal oscillator to directly recruit muscle force. 

Fig. 7. CNS model for the undulatory robot. Undulations are generated by 5 segmental bilaterally paired 
CPGs that drive SMA actuators. The CPGs activate recruiters that activate motor neurons that provide 
pulse width duty cycle modulation of the actuators. Larger motor neurons produce longer duration pulses. 
The CPGs are coordinated among themselves by coordinating neurons that inhibit the contra-lateral CPG 
and the posterior CPG to generate a propagating wave of motor neuron activity. The CPGs are brought into 
activation by a descending modulatory command that provides bias current to the CPG elements. Bilateral 
paired modulatory intemeurons activate the recruiters of the same side to mediate turning. 

Variations in period and curvature of flexion waves differentiate lamprey behavior 
acts. Thrust occurs when a propulsive wave travels backward over the body at a 
velocity greater than the speed of forward swimming. Kinematic analysis 
demonstrates lamprey generate a peak of thrust as each flexion wave passes the cloaca 
(Fig. 8). The thrust peaks at approximately sixty percent of the body and there are 
two peaks of thrust for every swimming cycle. 

Based on these observations, we have developed network model to replace the state 
machine for the control of the undulatory robot shown in Fig. 7. This network consists 
of a concatenated bilateral set of CPGs that activate the motor neurons for each SMA 



305 

actuator. The CPGs are brought in to operation by descending command neurons that 
provide bias current to the CPG neurons through long time constant excitatory 
synapses. Coordinating neurons mediate the intersegmental propagation of flexion 
waves down the body so that propagation time equals the cycle period. Recruiting 
networks mediate the size principle of motor neuron recruitment and gradation of 
muscular force. Amplitude modulatory intemeurons bypass the CPG to directly 
modulate the recruiters to mediate turning. Modulatory intemeurons for turning, pitch, 
and roll are modulated by sensor input from the compass, pitch and roll inclinometers. 
Descending commands that alter the bias of excitation in anterior vs. posterior 
segments will be used to reverse the direction of propagation of the flexion waves to 
allow backing up following collisions sensed by bump sensors. 

Fig. 8. a. CPG Network for the generation of the undulatory motor program. LfN: Lateral Intemeuron, 
CC: CC Intemeuron, EIN: Excitatory Intemeuron. Adapted from (Buchanan and McPherson 1995). b. 
Swimming motor program generated by the synaptic network indicated in Fig. 8a 

The details of the CPG networks are shown in Fig. 8a. The swimming motor program 
is generated by three populations of intemeurons connected by excitatory and 
inhibitory synapses (Buchanan 1996). The excitatory intemeurons appear to be the 
primary organizers. Lateral inhibitory intemeurons shorten the burst in CC 
(contralateral, caudal projecting) intemeurons that contribute to bilateral and inter
segmental coordination. Fig 8b indicates that output of this network instantiated with 
DTM neurons. Note the altemating discharge of the EINs on the two sides. This CPG 
forms the basis of our undulation controller. The motor neurons activate the SMA 
actuators. We use a comparator to gate a pulse from the EN motor neuron action 
potential. This pulse is, in tum, used to gate the power transistor applying current to 
the SMA actuator. Pulse width duty cycle modulation can be achieved by both 
increasing the frequency of motor neuron discharge as well as modulating the width of 
the motor neuron action potential (Aldrich, Getting et al. 1979). 

5 Conclusions 
It is feasible to constmct electronic nervous systems for the control of biomimetic 
robots. Motor pattem generating circuits of electronic neurons and synapses can 
generate adaptive motor programs by modulation of intrinsic variability. ENs can 
proportionally control artificial muscle using simple interfaces based on pulse width 
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duty cycle modulation by neuronal action potentials. Use of sensors that generate 
neuron-like pulse trains will allow both proprioceptive and exteroceptive modulation 
of motor output using the same reflexes of the animal models. Such architectures can 
lead to the generation of relatively cheap and highly adaptive biomimetic robots. 
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