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Abstract: In this paper we discuss about a dynamic rehabilitation tracked robot with machine language control system. The 
purpose of this is to analyse the effects of the Examples Choice theory in learning with the use of animations. In the first part 
of the system we have discussed about the animations algorithms inherent learning objectives. In second part we gave clear 
demonstration on controlling objectives through algorithms. The purpose for creating this device is to assist therapists in 
treatment of hand after injury. In the Continuous Passive Motion (CPM) mode, the device moves the MCP and PIP joints 
through a trajectory that approximates healthy hand motion, known as the minimum jerk model. This is done using a 
Proportional Integral Differential (PID) controller, which compares the actual position of the device to the desired minimum 
jerk trajectory.  
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I.INTRODUCTION 
 
A humanoid robot is designed to resemble a human, 
with a head, torso, two arms and two legs. As such, a 
humanoid has multiple degrees of freedom (DOFs) 
that can be actuated to form whole body motions. 
Since humanoid robots share a similar appearance as 
humans, the whole body motions of humanoid robots 
can serve as non-verbal behaviour in social 
interactions with humans. The input signal is used as 
a guide to plan the humanoid robot’s whole body 
motions. In this thesis, the input signal is pre-
processed offline to identify the meanings to express. 
We represent meanings using labels and extract labels 
and their timings by pre-processing the input signal. 
The pre-processing of the input signal is synonymous 
to how humans Study the script of a play to 
understand what a character needs to portray, before 
acting in synchrony with the characters Speech; 
similarly, dancers analyse the dance music before 
dancing to the beats and mood of the music. This 
thesis explains how an input signal is pre-processed 
and used to select and plan the whole body motions 
of a humanoid robot. In uncertain environments, 
robots need to understand the world around them 
based on sensory inputs. Robots achieve this via a 
process known as perception, which transforms 
sensory data into useful information. 

 
Fig. 1. Block diagram of perception 

 
The basic building blocks of perception are shown in 
Figure (1)Perception relies on physical sensors (e.g., 
a stereo camera or a tactile array), which provide the 
robot with sensory data (block A). The robot 
interprets this data based on models of the 

environment and the measurement process (block B). 
Since the data are noisy and the models are imprecise, 
it is not possible to extract exact information: e.g., the 
object is located exactly 50cm ahead. Instead the 
information is captured using Bayesian statistics in 
the form of a probability distribution (block C), often 
referred to as the belief or the posterior distribution. 
This distribution represents uncertain information: 
e.g., the object is most likely located 50cm ahead, but 
could also be a little closer or further away. 
 Once models and data are given, the belief 
distribution is uniquely defined. To emphasize this 
fact, we will often refer to this distribution as the true 
belief. Although the true belief is uniquely defined, it 
is in general not known to us or the robot. Hence, we 
need to estimate this distribution using approximate 
inference algorithms (block D). The result is an 
estimated belief (block E), which can be used by 
decision algorithms: e.g., if the most likely position 
of the object is 50cm ahead, then the robot may 
decide to move its arm to this position in an attempt 
to grasp the object. On the other hand, it is not like 
we want noisier sensors! More accurate sensors 
provide more information than less accurate sensors.  
Hence, the estimation difficulties are not the fault of 
the sensors, but rather the estimation algorithms. 
Moreover, robots in real life applications need to 
make the most of their existing sensors, because each 
additional sensor costs money, consumes energy, 
requires additional computational power, and 
increases overall system complexity. From the point 
of view of perceptual inference, this means that we 
need to devise optimal algorithms, which extract as 
much information as possible within the time and 
resource constraints.  
 
II. PRELIMINARY OF ROBOTS 
 
1) DESIGN PARAMETERS: 
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The main aim is to create a simple robot which can 
walk down a shallow incline with dynamically. So to 
begin the process we should define parameters and 
sub-parameters that satisfy the goal.Coming to sub-
parameter, this will minimise the fiction in the hip so 
that each leg couldswing forward in a smooth, 
predictable manner. The first parameter for the robot 
was a hip joint with a single degree of freedom.It was 
important for oscillation to be fluid, and for energy 
loss to be minimized. The second parameter is roll 
oscillation which controls the frequency. Last 
parameter is pitch oscillation, which is used to control 
the step size.  
2) HIP JOINT: 
A hip joint with a single degree of freedom was be 
created by press fitting one legonto a cylindrical 
shaft, and using a bushing to couple the other leg to 
the shaft. This trade-off was resolved by replacing the 
bushings withstainless steel ball bearings. While 
vibration was significantly reduced, there was 
stillmarginal play in the joint that caused one leg to 
wobble during motion. An identical aluminiumblock 
was symmetrically placed on the inside of the other 
leg to provide balance and to help solidify the press-
fit.  
3) ROLL OSCILLATION: 
As discussed earlier that roll oscillation is used to 
control the frequency and as well as which allows 
ground clearance. The below figure (2) shows the 
diagram of roll oscillation. It is accomplished by 
curving the bottom feet’s in front plane. When the 
robot is oscillated in two-dimensional frontal plane 
then the precise curvature is selected.  

 
FIG. 2. FORMATION OF ROLL OSCILLATION 

 
4) PITCH OSCILLATION: 
This oscillation will control the step size. By 
implementing the curved feet in the design, pitch 
oscillation is created. Here the radius of curvature 
should be larger than the frontal plane radius. The 
step size is adjusted by the angle of incline. To 
increase the pitch moment and allow the robot to 
oscillate at high amplitude, the foot should be 

arranged long. The below figure (3) shows the 
formation of pitch oscillation. 

 
FIG. 3. FORMATION OF PITCH OSCILLATION 

 
5) DESIGN ITERATIONS: 
A number of design decisions were changed upon 
building and interacting with the first device 
constructed from the Solid Works models. These 
alterations were made based on physically examining 
the device, interacting with it and from showing the 
device to Clare Faulkner, the owner of Island Hand 
Therapy Clinic. The major alterations concerned: (i) 
the attachment of the coupler to the motor shaft, (ii) 
the replacement of the pins bracing the hand with 
plates, (iii) the inclusion of an elbow brace, (iv)the 
positioning of the thumb and pinky, and (v) changing 
the patients LCD display and kill switch to a tethered 
format. The attachment of the coupler to the motor 
shaft was designed as an aluminium sheath press fit 
to the motors output shaft. This sheath was designed 
to increase the shaft diameter to fit into the standard 
Oldham coupler which was readily available. The 
original shaft diameter on the motor was too small to 
fit the off-the-shelf coupler. 
 
III. ALGORITHM DESCRIPTION 
 
1) SCALING SERIES ALGORITHM: 
The main intent of this algorithm is to compute the 
approximation of belief of weighted particles. At first 
it is maintained uniform over starting region. The 
belief is directly proportional to data probability. In 
this algorithm we use following parameters they are 
initial uncertainty region, V0, the data set and D. all 
these parameters are considered as input.  
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2) INTUITIVE ALGORITHM DESCRIPTION: 
The main idea is to have the whole uncertainty region 
covered with neighbourhoods.This way we are sure 
that we have a good approximation of the belief. At 
high temperaturethis can be easily done with just a 
few particles because £ is large. Of coursethis will not 
produce accurate estimates, so we use an iterative 
refinement approach.First we solve the problem with 
a few very broad particles at high temperature. 
Pruneout the low probability regions and keep the 
peaks. Then refine the estimates at alower 
temperature. Prune again and repeat until the 
temperature reaches Ʈ = 1. This way the final 
estimates will be as accurate as the data and the 
model allow.Both the uncertainty region and the peak 
width change during refinements. Theuncertainty 
region changes due to pruning. The peak width 
changes due to annealing.Therefore the ratio of peak 
width to uncertainty width also changes. Hence no 
single fixed number of particles will work well for all 
refinement stages. This way the algorithm 
cancompute the appropriate number of particles to 
use at each refinement stage. 
 
IV. RESULTS 
 

 
FIG. 4. RELIABILITY OF GLOBAL LOCALIZATION 

 

 
Fig. 5. RELIABILITY VS. INITIAL UNCERTAINTY 

CONCLUSION 
 
In this paper we discussed about the animations 
algorithms inherent learning objectives and gave clear 
demonstration on controlling objectives through 
algorithms. We have presented a belief estimation 
algorithm that relies on a simple adaptive 
griddingtechnique. The algorithm utilizes additional 
domain knowledge, whereas the other algorithmstreat 
the belief as a "black box" function. At last the 
algorithm is demonstrated on indoornavigation and 
tactile manipulation.  
 
REFERENCES 
 
[1] Agrawal, M. and K. Konolige (2006). Real-time localization 

in outdoor environments using stereo vision and inexpensive 
gps. In Pattern Recognition, 2006. ICPR 2006. 18th 
International Conference on, Volume 3, pp. 1063{1068. 
IEEE. 

[2] Anguelov, D., R. Biswas, D. Koller, B. Limketkai, S. Sanner, 
and S. Thrun (2002). Learning hierarchical object maps of 
non-stationary environments with mobile robots. In Proc. of 
UAI. 

[3] Anguelov, D., D. Koller, E. Parker, and S. Thrun (2004). 
Detecting and modeling doors with mobile robots. In Proc. of 
ICRA. 

[4] Arulampalam, S., S. Maskell, N. Gordon, and T. Clapp 
(2002). A tutorial on particle filters for on-line non-
linear/non-gaussianbayesian tracking. IEEE Transactions on 
Signal Processing. 

[5] Balan, A., L. Sigal, and M. Black (2005). A quantitative 
evaluation of video-based 3D person tracking. In ICCCN, 
Volume 5, pp. 349{356. 

[6] Biber, P. and T. Duckett (2005). Dynamic maps for long-term 
operation of mobile service robots. In Proc. of Robotics: 
Science and Systems (RSS). 

[7] Bicchi, A., A. Marigo, and D. Prattichizzo (1999). Dexterity 
through rolling: Manipulation of unknown objects. In ICRA, 
pp. 1583{1588. 

[8] Biswas, R., B. Limketkai, S. Sanner, and S. Thrun (2002). 
Towards object mapping in dynamic environments with 
mobile robots. In Proc. of IROS. 

[9] Blackman, S., R. Co, and C. El Segundo (2004). Multiple 
hypothesis tracking for multiple target tracking. IEEE 
Aerospace and Electronic Systems Magazine 19 (1 Part 2), 
5{18. Blais, F. (2004). Review of 20 years of range sensor 
development. Journal of Electronic Imaging 13, 231. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


