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Abstract— Current biped robots with articulated legs, even
the most impressive to date, still lack the ability to execute
dynamic motions such as jumping and running with compa-
rable performance to biological systems. This work explores
dynamic jumping with the planar biped prototype KURMET,
which employs unidirectional series-elastic actuation at each of
its joints. While this actuation scheme enables the performance
of high-power dynamic movements like the jump, its presence
complicates the jumping control problem and has prevented
previous researchers from obtaining precise jump control in
systems of reasonable complexity. To manage this problem, this
paper develops a layered fuzzy control system for KURMET
that realizes repeated dynamic hopping and accurate control of
both torso height and velocity at each top of flight. An effective
two-stage training approach is used for the fuzzy controller to
learn the required, yet highly nonlinear, relationships between
its inputs and outputs. Finally, the state machine employed
at the lowest-level of control is used to achieve a maximal
normalized jump height that outperforms most humans and
can be sequenced with the hopping movement.

I. INTRODUCTION

Due to their structural similarities with human beings,
biped robots with articulated legs offer advantages to assist
and interact with humans and their immediate environments.
However, in order to leverage the agility legs offer and
function in realistic scenarios, biped robots must be able
to perform dynamic movements without compromising their
dynamic stability. The development of methods to address
dynamic stability in legged machines remains a research
challenge.

Although much recent work has focused on dynamic
movements in legged locomotion, only a small portion has
aimed to address controlled hopping. A number of recent
contributions to legged hopping have focused on the de-
velopment of new actuation schemes [1], [2]. While these
design efforts have led to impressive high jump performance,
their control approaches do not manage the jump height or
velocity and thus, fail to address the underactuation problem
inherent to jump control. Raibert’s bipeds with prismatic
legs [3], on the other hand, demonstrated jump height and
velocity control, yet the control approach has not proven
to be more broadly applicable to articulated morphologies.
Overall, jump control for articulated mechanisms has not
reached the maturity observed in state-of-the-art dynamic
walking and running machines [4], [5], [6].

The incorporation of compliance into actuation schemes
for dynamic bipeds has emerged as a standard in the robotics

Fig. 1. KURMET, an experimental biped designed for the study of dynamic
movements.

community [4], [7], [8], inspired by biological systems. Sci-
entists have cited tendon elasticity as a source of efficiency
for high power movements in mammals and insects [9].
The advantages afforded by compliant mechanisms are most
pronounced for jump performance, where elasticity helps to
provide the explosive leg power required for liftoff [10].
Although methods have been developed to manage the
complexities associated with compliant actuators in biped
running [11], corresponding developments have not been
achieved for precision controlled jumping. The work de-
scribed herein represents an attempt to provide such control
for a jumping biped with a compliant actuation scheme.

To investigate the problem of dynamic jumping, a new
experimental biped robot, KURMET, shown in Fig. 1, has
been developed at The Ohio State University. KURMET’s
most prominent features are its unidirectional series-elastic
actuators (USEAs) embedded into its torso and employed to
drive the two hip and two knee joints. The USEAs provide
leg compliance in the direction of impact loading during
ground contact and rigidity in the direction of leg return for
higher precision leg positioning during the swing phase [12].
Previous work has shown superior jump performance when
USEAs are included at both the hip and knee joints [13].

Although the USEAs offer performance advantages, their



presence significantly increases control challenges. The use
of USEAs to actuate the articulated legs, along with the
nonlinear contact-flight hybrid dynamics, produce a very
complex system that is difficult to control through traditional
analytical approaches. Recently, intelligent control strategies
have emerged as a necessary alternative to address such
complexities in dynamic machines [14]. Intelligent con-
trol strategies do not require a closed-form control model,
which is usually intractable to generate. Instead, through a
progressive learning process, intelligent methods can help
the controller gain the essential control knowledge needed
to manage the complex system. Previous applications of
intelligent control schemes in dynamic legged locomotion
at The Ohio State University have also shown promising
results [15], [16], [17]. Still, these results have largely been
limited to simulation environments.

This paper is part of the effort to realize controlled
dynamic movements in a mechanically complex biped robot
using an intelligent control approach. The first contribution
of this paper is the development of a layered fuzzy control
system capable of repeated dynamic hopping with precise
height and velocity control at each top of flight (TOF). The
layered control system uses a lower level state machine and
a higher level discrete-time fuzzy controller that regulates
key parameters of the state machine at TOF. Simplifying
techniques, such as the use of a common state machine for
different hopping scenarios and the design of a minimum
number of fuzzy controller outputs, are adopted to keep the
control system as compact as possible. These techniques al-
low rapidly convergent learning algorithms to be designed for
the physical system. The second contribution is the introduc-
tion of an effective two-stage training method that allows the
controller to iteratively learn to manage the highly nonlinear
relationships between its inputs and outputs. Through the use
of simple heuristics, the training is first performed offline in a
dynamic simulation environment. The preliminary controller
acquired from simulation is then refined through physical
experiments with an online adaptation algorithm.

The organization of this paper is as follows. First, descrip-
tions of the KURMET hardware and its model are given, with
an emphasis on the series-elastic elements. Next, the layered
control structure is detailed, and the heuristics to develop
the controller are discussed. Then, the training and online
adaptation algorithms are described. Finally, test results are
presented to verify the validity of the control approach and
highlight the advantages of the online adaptation algorithm.

II. HARDWARE AND MODEL

KURMET is a five-link planar biped robot constrained by
a boom [18]. Each leg is comprised of a thigh and a shank
segment, with revolute joints at the hips and knees. The thigh
and shank are actuated in parallel by identical unidirectional
series-elastic actuators (USEAs) [12]. Each USEA includes
a Maxon Powermax EC-30 brushless motor and a planetary
gearhead in series with a spiral torsion spring, as shown in
Fig. 2. To reduce the leg inertia, the USEAs are located in the
torso and connected to their respective leg segments through

Fig. 2. Exploded view of the unidirectional series-elastic actuator on
KURMET. (Courtesy of B. Knox [12].)

a cable drive system. KURMET’s torso is rigidly mounted
to a carbon-fiber boom that is coaxial with the hip axis.
The boom is mounted to the wall at a free 2-DOF joint that
allows boom pitch and yaw and is aligned to be level when
KURMET stands on the ground with legs fully extended.
KURMET has a total mass of approximately 15 kg and a
standing hip height of 50 cm with legs fully extended.

As the initial fuzzy controller training process employs
offline dynamic simulation, a dynamic model of the hardware
that faithfully includes the most important dynamic charac-
teristics of the system is essential to the physical applicability
of the trained controller. All the links, including the boom,
are modeled as rigid bodies with realistic mass, inertia, and
geometric properties (see [19] for details). The model of the
USEAs is split into two parts: a model for the DC motor and
a hybrid-dynamics model for the unidirectional direct-drive
and series-elastic regimes of operation. The model for DC
motor has been developed by Curran [13], while the hybrid-
dynamic model is detailed here.

The USEA has two regimes of operation. The Series-
Elastic Actuation Mode occurs when the motor is away from
the unidirectional hardstop and primarily occurs when the
leg is compressed against the ground. In this mode, the
actuator drives the link through the tension torque of the
spiral spring. The Direct-Drive Actuation Mode occurs when
the motor is compressed against the hardstop and primarily
occurs when the leg is in the air. An elastic element exists
on the hardstop in order to reduce impacts that occur within
the actuator during the transition between these modes. This
hardstop is modeled as a stiff linear contact spring and a
nonlinear damper in parallel. A nonlinear damper model is
used to avoid the instantaneous change in contact force that
is observed at initial contact with a linear model [20]. To
reduce link oscillations during flight, the spiral spring is pre-
tensioned.

The behavior of the USEA for the thigh can be described
by

τl =



Ks (θm − θl) θm − θp > θl

Ks (θm − θl) +Kc (θm − θp − θl)
+λc · |θm − θl − θp| ·

(
θ̇m − θ̇l

)
θm − θp ≤ θl ,

(1)
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Fig. 3. The detailed thigh USEA model [19]. The hardstop is physically
attached to the link, and its contact is modeled with a stiff spring and
damper. Note that the thigh USEA is pictured in the series-elastic mode of
operation.

where τl is the joint torque on the link, θm is the motor
position after the gear reduction, θl is the link position, θp
is the pretensioning angle, Ks is the spring constant of the
spiral spring, Kc is the spring constant of the unidirectional
hardstop contact spring (in the model, Kc ≤ 10Ks) and λc
is the coefficient of the nonlinear contact damper. Figure 3
provides a graphical explanation of these variables for the
thigh. The shank has a similar equation with flexure in the
opposite direction of the thigh.

In this work, dynamic simulation was performed with the
graphical simulation package RobotBuilder [21], which is
built upon the DynaMechs library [22]. RobotBuilder pro-
vides efficient calculations of the articulated body’s forward
dynamics and admits the integration of additional actuator
dynamics and user-defined control policies. Further details on
the dynamic model used for simulation, including a ground
contact model, can be found in [19].

III. LOW-LEVEL HOPPING CONTROL

KURMET’s low-level hopping control is a modular foun-
dation that allows effective function of the fuzzy controller.
The low-level control uses a state machine, shown in Fig-
ure 4, to coordinate a series of motor trajectories and realize
the hop motion. Research in neuromotor physiology also
indicates that the central nervous system of animals may
use a linear combination of fixed pattern muscle synergies
to generate a variety of complex movements [23]. This lends
credibility to a modular approach, such as the state machine,
for low-level hopping control.

Table I summarizes the motor actions taken during each
state and the trigger to exit each state. A few key points
should be noted about this state machine:

I. The hopping state machine only controls motor po-
sitions; it never attempts to directly control the link
positions. This allows the controller to use the natural
dynamics of the USEAs and the biped mechanism to
good advantage while eliminating the problems associ-
ated with direct link control through elastic elements.
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Fig. 4. Hopping state machine for KURMET. In the states with a bold
borderline, KURMET is in contact with the ground.
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Fig. 5. Typical motor/link trajectories (left shank) in one hop from TOF
to TOF, partitioned by the system states.

II. In this hopping state machine, the motor positions
are under closed-loop control at all times, which is
a departure from Hester’s jumping state machine for
KURMET [24]. Previous approaches used open-loop
motor currents, as opposed to closed-loop motor trajec-
tories, to provide thrust. Open-loop control is sensitive
to modeling errors, such as inaccurate backward effi-
ciency of the gear reducer, and therefore cannot reliably
provide the desired thrusts. Further, it leaves the motor
position unknown during the critical instant of lift-off,
which significantly increases the risk of violating joint
kinematic limits. With motor position under closed-loop
control, the two problems can be avoided.

III. Whenever a new motor position is commanded, a cubic-
spline trajectory is generated for the motor to make
a smooth transition. This strategy helps to reduce un-
wanted oscillations in the leg positions during flight.

IV. The left and right legs are synchronized at all times.

The parameterization of the hopping state machine has
been refined to accommodate a wide range of initial top-of-
flight (TOF) system conditions, including those for a high



TABLE I
HOPPING STATE MACHINE SUMMARY

STATE MOTOR ACTIONS EXIT TRIGGER

PRE TD Servo thigh and shank motors to updated pre-touchdown
positions in T1 time. Touchdown

HOLD Both thigh and shank motors hold their current positions. T2 time after Touchdown

THRUST Servo thigh and shank motors to updated thrust positions in
T3 time. Spring deflection < p% of the maximum†

PRE LO Servo thigh and shank motors to pre-liftoff positions in T4
time. Lift-off, and all USEAs achieving zero deflections

PRE TOF Servo thigh and shank motors to previous pre-touchdown
position in T5 time.‡

Top of flight (TOF)

† The thigh and shank do not necessarily exit the THRUST state at the same time. ‡ T5 is always set longer than the duration of the PRE TOF state.

jump. This range is constrained mainly by the maximum
allowable motor torque and speed, as well as the joint limits.
Fig. 5 shows the typical motor and link position trajectories
(left shank) in one hop from TOF to TOF. Right after TOF,
the motor directly drives the link to the desired touchdown
position while the link is still in the air. Upon touchdown,
the motor holds its position, and the spring starts to deflect.
After a short period of time, the motor starts to thrust in the
opposite direction to the link movement, and by increasing
the spring deflection, it injects extra energy into the spring.
To avoid knee hyperextension, however, the motor has to
unwind right before lift-off to keep the link away from the
approaching singularity hardstop. (The singularity hardstop
position is shown with the green dashed line in Fig. 5.)

IV. FUZZY CONTROLLER

The fuzzy controller is invoked at TOF in each jump.
When called, it evaluates the current system status and
consults its rulebase to determine appropriate values of key
parameters in the hopping state machine for the next hop
cycle.

A. Fuzzy Controller Inputs and Outputs

Well chosen fuzzy inputs and outputs are an important
design decision in the construction of the high-level fuzzy
controller. A minimal selection of inputs and outputs can
not only increase the inferential accuracy of the fuzzy
controller, but also can simplify the training process required
to initialize the fuzzy rulebase.

The inputs of the fuzzy controller are the system variables
that directly reflect the control objectives. In this work, they
are the torso height at current TOF ho, the torso velocity
at current TOF vo, the desired change in torso height at the
next TOF ∆hd, and the desired change in torso velocity at
the next TOF ∆vd.

The choice of the outputs requires more consideration.
Previously, Hester et al. [24] developed a fuzzy jump con-
troller for KURMET with 6 outputs, 4 of which were open-
loop thrust currents. While the weakness of using open-loop
current has been discussed, the number of outputs also causes
problems. The non-minimal selection of the fuzzy outputs

gives extra and unnecessary flexibility to the controller,
potentially causing the training to converge to different
modes of operation. When multiple modes of operation exist
in the fuzzy rulebase, the controller is likely to generate
poor outputs when inferring between rules. Sophisticated
training laws help, but are fundamentally unable to solve
this problem.

The final fuzzy controller outputs selected, a set of two,
are the common-mode thrust angle θthr,comm and the dif-
ferential thrust angle θthr,diff. These outputs are converted
to more straightforward motor position commands which
are key state machine parameters. (All other state machine
parameters are either fixed or assigned heuristically.)

θthr,t = θthr,comm + θthr,diff , (2)

θthr,s = θthr,comm − θthr,diff , (3)

where θthr,t is added to the current thigh motor position to
generate the motor thrust position for the thigh motors in the
THRUST state (see Table I). A similar strategy is employed
for the shank motors.

The output θthr,comm predominantly influences the hop
height, and the output θthr,diff mainly influences the hop
velocity; the effects of the output variables were found to
be only weakly coupled. This selection keeps the number
of fuzzy controller outputs minimal yet ensures that the
controller has enough flexibility to reach its height and
velocity objectives.

B. Fuzzy Controller Structure

The fuzzy controller provides a nonlinear mapping be-
tween its inputs and outputs. As shown in Fig. 6, it is
comprised of four functional components: the fuzzification
interface, the fuzzy rulebase, the inference mechanism, and
the defuzzification interface.

The fuzzification interface preprocesses the inputs. It con-
verts a specific input value into certainties of membership
functions that are associated with each input. In this work,
identical, equilateral-triangular input membership functions
are used for all inputs. The membership function centers
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Fig. 7. Input membership functions for input vo. The outmost membership
functions saturate at 1.0 when |vo| > 0.6.

(where the certainty of a membership function is 1) are
equally-spaced, and the certainty of a triangular membership
function becomes zero at the centers of its two neighboring
membership functions. Due to this design, at any given time,
any input value will have at most two membership functions
with non-zero certainties. Fig. 7 shows the membership
functions used to characterize vo. For example, if the current
hop velocity vo is 0.1 m/s, the only non-zero certainties are
µvo

0.0 = µvo
0.2 = 0.5. The membership function centers for all

of the fuzzy controller inputs are listed in Table II.
The fuzzy rulebase provides control knowledge for the

system. It contains a set of rules that specifies the con-
troller outputs for every combination of input membership
functions. In this work, the inputs ho, ∆hd, and ∆vd
have 3 membership functions each, and the input vo has 7
membership functions, so there are 3×7×3×3 = 189 rules.
The number of membership functions, and correspondingly
number of rules, was experimentally determined to provide
a good trade-off between the control resolution and the
required training/adaptation time (see IV-C). The additional
membership functions for the vo input are required to manage
the nonlinearities in resultant jump behavior that are most
pronounced for different initial velocities. Each input mem-

TABLE II
FUZZY CONTROLLER INPUT MEMBERSHIP FUNCTION CENTERS

Input Membership function centers Units
ho 0.54, 0.58, 0.62 m
vo -0.6, -0.4, -0.2, 0.0, 0.2, 0.4, 0.6 m/s

∆hd -0.02, 0.0, 0.02 m
∆vd -0.2, 0.0, 0.2 m/s

bership function is represented by its center, and an example
rule looks like the following:

If ho = 0.58 m, vo = 0 m/s, ∆hd = 0 m and ∆vd = 0 m/s,
then θthr,comm = 61.8 rad and θthr,diff = 7.4 rad ,

where the ‘if’ part of the rule is called the premise and the
‘then’ part is called the consequent.

The fuzzy rulebase only specifies the controller outputs
for certain input cases. The controller outputs for general
input cases are inferred from the existing rules. The inference
mechanism is the component that determines the applicabil-
ity of each rule to the current set of input values. In this work,
the applicability of a rule, or the certainty for the premise
of the rule, is calculated as the product of the certainties of
the input membership functions. For example, the certainty
of the above rule would be (suppose z is the rule index)

µz = µho
0.58 × µ

vo
0.0 × µ

∆hd
0.0 × µ

∆vd
0.0 . (4)

Since each fuzzy controller input can have a maximum of
two membership functions with non-zero certainty at a time,
there are at most 24 = 16 applicable rules for any possible
set of input values. In other words, the control output for any
arbitrary input can be inferred from a maximum of 16 rules
instead of the whole rulebase. Such a feature reduces the
computational complexity of the fuzzy controller and enables
real-time calculation, even for much larger rulebases.

The defuzzification interface then converts the result of the
inference mechanism into the final fuzzy controller outputs.
The outputs are calculated as the weighted average of the
consequents of all applicable rules.

yi =

∑
z∈S

µz · uz,i∑
z∈S

µz

=
∑
z∈S

µz · uz,i , (5)

where z is the rule index and S is the set of the indices of
all the applicable rules. The subscript i can be 1 for θthr,comm
or 2 for θthr,diff, and uz,i is the ith output singleton for rule z.
Note that this is a zero-order Sugeno-type fuzzy controller.

C. Fuzzy Training

In traditional fuzzy controllers, the consequents of a rule
are usually assigned by the user based on previous expe-
rience. For the fuzzy controller developed here, though, the
user initially has no knowledge as to how to assign the values
of outputs θthr,comm and θthr,diff for each rule. Therefore, a
training process is needed for the fuzzy controller to learn
the consequents of each rule in a progressive manner.

Marhefka et al. used the idea of training to initialize the
rulebase for a fuzzy running controller in a quadruped [15].
In this work, a training cycle is a single test hop that starts at
TOF and terminates at the next TOF. The detailed training
process for one rule is summarized in Table III. The two
simple heuristics used are:
• Increase θthr,comm if the desired change of TOF torso

height is positive.



TABLE III
TRAINING PROCESS FOR ONE RULE

1) Initialize the biped at TOF with ho as the torso height, vo as
the torso velocity and the legs in an initial static configuration.
ho and vo are specified by the rule premise.

2) Initialize θ̂thr,comm, the estimated value for θthr,comm, and θ̂thr,diff,
the estimated value for θthr,diff, from an adjacent rule.

3) Perform the test hop.
4) Evaluate the hop at the next TOF in terms of the actual hop

height h and the actual hop velocity v.
a) If |ho +∆hd−h| < δh and |vo +∆vd−v| < δv , then

θ̂thr,comm ⇒ θthr,comm and θ̂thr,diff ⇒ θthr,diff .
The rule is considered trained, and the
training process for this rule terminates.

b) Else
i) Update θ̂thr,comm and θ̂thr,diff:
wh · (ho + ∆hd − h) + θ̂thr,comm ⇒ θ̂thr,comm,
-wv · (vo + ∆vd − v) + θ̂thr,diff ⇒ θ̂thr,diff,
where wh and wv are the positive weights used to
regulate the update rate;

ii) Re-initialize the biped at TOF with ho and vo and
the legs in the initial static configuration. Repeat
the training process from Step 3 while applying the
updated θ̂thr,comm and θ̂thr,diff.

• Increase θthr,diff if the desired change of TOF torso
velocity is negative (forward).

Once a rule is trained, training moves on to the next rule
until all 189 rules are trained. The training efficiency for
one rule can be greatly improved by setting its initial thrust
angles to the consequents of an adjacent trained rule. (Two
adjacent rules are any two rules whose premises only differ
by one adjacent input center.) Typically, the training process
for one rule takes about 100 to 200 iterations, depending on
the values for wh, wv , δh and δv in Table III.

For this work, the order in which rules were trained did
not have a large impact on the resultant rulebase. That is, as
long as each rule’s consequents were seeded from an adjacent
trained rule, the final rulebase was the same regardless of rule
training order. This observation is largely attributed to the
2-output setup of the fuzzy controller. In contrast, Hester’s
6-output controller was much more sensitive to rule training
order due to the unneeded flexibility of its outputs [24].

D. Online Adaptation

Due to modeling errors and the assumption in the training
that the legs are static at the initial TOF, the fuzzy rulebase
from offline training will not immediately produce accurate
performance on the prototype biped. An online adaptation
process was developed to fine-tune the fuzzy rulebase. If at
the TOF before the jth jump, the desired torso height for the
next TOF is hd(j) and the desired torso velocity for the next
TOF is vd(j), and at the next TOF, the actual torso height
is h(j) and the actual torso velocity is v(j), then

eh(j) = hd(j)− h(j) , (6)
ev(j) = vd(j)− v(j) , (7)
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Fig. 8. θthr,t/θthr,s vs. vo fuzzy curves corresponding to different ho with
∆vd = 0 m/s and ∆hd = 0 m. Note that the values for the motor angles
are for the input side of the gear. These curves highlight the necessity for
a nonlinear controller to select appropriate control outputs.

and the updated output singletons are

uz,1(j + 1) = uz,1(j) +K1 · µz(j) · eh(j) , (8)
uz,2(j + 1) = uz,2(j) +K2 · µz(j) · ev(j) , (9)

where z ∈ S and S is the set of indices of rules that are
activated to achieve the jth TOF. The adaptation heuristics
are the same as the ones used in the offline training. K1 and
K2 are the adaptation gains for the two output singletons and
are tuned experimentally. The certainty of the rule is used
to scale the update so that the output singletons of more
applicable rules are changed more. It should be noted that
if the performance error of the original offline rulebase goes
beyond a certain limit, the online adaptation process will
become significantly less efficient and may even fail if the
jumping becomes unstable.

V. RESULTS

A. Fuzzy Control Surfaces

Fig. 8 shows some of the highly nonlinear relationships be-
tween the fuzzy controller inputs and outputs that are learned
by the offline fuzzy training. These curves are consistent with
the training heuristics. Note that θthr,t/θthr,s are related to the
immediate fuzzy controller outputs θthr,comm/θthr,diff through
Eqs. 2 and 3.

B. Online Adaptation

A simple hopping velocity profile is used to examine
the effectiveness of the online adaptation. The blue curves
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in Fig. 9 show the performance prior to online adaptation.
After the velocity profile is executed twice with the online
adaptation mechanism turned on, the cumulative-updated
rulebase allows the fuzzy controller to track the desired
profile much better (the red curves in Fig. 9) than the original
offline rulebase. The offline training provided a rulebase
that gave sufficient initial tracking of the velocity profile so
that online adaptation could effectively improve the tracking
performance. The online adaptation was very fast, such that
good tracking could be achieved after only the second exe-
cution of the velocity profile. Further improvement, however,
is constrained by the mechanical limitations of the physical
system.

C. Tracking a Velocity and Height Profile

After similar online adaptation, the controller is able
to follow a relatively complex hopping profile with good
accuracy. A 55-hop profile was tested on KURMET, and
the results are shown in Fig. 10. This profile highlights the
ability of the controller to track sharp changes in the velocity
setpoint, as well as simultaneous changes to the velocity and
height setpoints. While the majority of hops enjoy a height
error of under 0.5 cm, the controller is still able to maintain

height control to within 1 cm in the worst case. In steady
state, the velocity error remains under 4 cm/s.

D. High Jump Test

KURMET’s mechanical design is specifically optimized
for high jumping. The state machine presented previously is
intended to support continuous hopping and to accommodate
a wide range of TOF system conditions. To demonstrate the
high jump ability of KURMET, all the parameters of the
state machine are tuned to produce maximal TOF height in
a single jump. As a preliminary investigation, the parameters
were refined in this work based on qualitative experimental
observations. Later, this approach may be improved by an in-
telligent search method such as Particle Swarm Optimization
or Genetic Algorithms to optimize the numerical parameters
for a high jump. Still, the hand-tuned controller is able to
achieve a height performance well beyond the range of the
fuzzy controller. The maximum jump height achieved by
KURMET (from hip joint to ground) is 75 cm, which is
equivalent to a normalized jump height (ratio of the jump
height to the leg segment length [25]) of 3. In this sense,
KURMET outperforms most humans. The hip height for a
high jump is shown in Fig. 11. The smoothness of this curve
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Fig. 11. Torso height over time for a high jump. The jump begins at
a height that can be reached with the hopping fuzzy controller. Note the
smoothness of the controlled trajectory.

provides evidence that the low-level state machine promotes
the natural dynamics of the system. It is useful to note that
the high jump starts from a height that is within the range
of the fuzzy controller.

A video of a high jump for this system can be found at

http://go.osu.edu/KURMET_Fuzzy_Control_Video

This video also includes a demonstration of the fuzzy con-
troller, of the system’s ability to reject a push disturbance,
and of the system’s ability to perform a high jump during a
sequence of fuzzy controlled hops. It should be noted that a
low-gain position controller is used to command the desired
velocity for the system to robustly hop in place.

VI. CONCLUSIONS AND FUTURE WORK

The work in this paper has realized repeated dynamic
hopping in the planar biped robot KURMET with accurate
control of the top-of-flight height and velocity. The layered
control approach and the two-stage training process are its
two major contributions. The promising results encourage ex-
tension of this approach to study other dynamic movements
with similar experimental platforms. The major challenge
to such an extension is the development of a suitable low-
level controller as well as proper determination of the fuzzy
input/output structure. While the system has demonstrated
a high level of performance, evolutionary strategies or other
intelligent methods should be employed to investigate its true
performance boundaries. Additionally, it would be of interest
to compare our control system’s accuracy, robustness, and
adaptation ability to a traditional model-based controller.
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