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Abstract – A fully neurally integrated high degree of 
freedom prosthetic limb system is the goal of the 
Revolutionizing Prosthetics program, a large-scale 
Defense Advanced Research Projects Agency (DARPA) 
project. Multi-Sensor Data Fusion (MSDF) for prosthetic 
control is one of the research areas. This paper proposes a 
novel approach of applying MSDF technology to 
prosthetics. The paper proposes a prosthetic data fusion 
framework, analyzes characteristics of MSDF techniques, 
and suggests a new algorithm for motile fusion. 
Specifically, this study compares the fidelity of single-
classifier decisions with multi-classifier decision fusions 
on simulated isometric bicep contractions. It reveals some 
interesting findings and insights and provides a better 
understanding of MSDF applications in the medical field. 
The results confirm the envisioned potentials of applying 
MSDF for prosthetic control. 
 
Keywords: classifier, data fusion, MSDF, motile fusion, 
prosthetic, prosthesis  

1. Introduction 
For decades, research has been done to make prostheses 
anthropomorphic and biomimetic. Scientists are still trying 
to understand the mechanisms of how a human brain 
controls muscles, and then take this understanding and 
develop a prosthetic limb system. A fully neurally 
integrated high degree of freedom limb system is the goal of 
the Revolutionizing Prosthetics program (RP), a large-scale 
DARPA project [1].  

Different parts of the brain specialize in specific cortical 
tasks. Each area contains distinct information that other 
areas do not have [2]. For example, a recording of cortical 
signals from the primary motor cortex (M1), the primary 
control center of the brain for motion, contains information 
causing an arm to move toward a desired location, but the 
signal quality is not very high [3]. On the other hand, an 
electrode recording of efferent signals from motor neurons 
in the shoulder contains finely detailed information 
regarding the amplitude and duration of the force that would 
be applied by the arm, but lacks location information that 
would allow a prosthetic arm to place these otherwise 
arbitrary commands in context [4],[5]. Therefore, 
information from different areas can be complementary 
while signals with different levels of details from one area 
can be supplementary. Research has shown that action 
potentials (spikes) from the M1 have very different patterns 
in terms of frequency and timing, compared to the spikes 
emitted by peripheral motor neurons [3], [6], [7], [8]. Thus, 

an optimal solution would be to utilize both complementary 
and supplementary information from the brain and the 
motor neurons to control the prosthesis. The mathematical 
process of incorporating outputs of multiple classifiers 
intelligently to create a more complete set of information is 
called data fusion. Prosthetic control could be a prime area 
for the application of data fusion.  

In general, data fusion takes two or more classifiers’ 
outputs, called decisions, and mathematically synthesizes 
them together to generate a new decision that encompasses 
as much of the classifiers’ information as possible [9]. Data 
fusion can reduce the vulnerability of temporary, aberrant 
signal deviations that would affect a single-classifier 
framework [10]. It can also improve processing speed 
because fewer redundancies cut down computation 
complexities.  

This study resulted in the following contributions: 
• It proposes a novel approach and a framework of 

applying MSDF technology to prosthetics;  
• It also proposes a novel motile fusion algorithm called 

Joint Bayesian Decision (JBD);  
• It compares the fidelity of single-classifier decisions 

with multi-classifier decision fusions on simulated 
isometric bicep contractions and shows that MSDF 
improves signal fidelity. It also provides a better 
understanding of MSDF in the medical field. 

The rest of the paper is organized as the followings: Section 
two briefly introduces some pertinent background 
knowledge and related works. Section three presents the 
proposed MSDF prosthetic control framework, the 
simulation modules, and the details of the data fusion 
algorithms. Section four provides details for a model and 
simulation of a motile fusion system for prosthetic control. 
Consequently, section five presents the simulation results 
and shares our first hand observations and experiences 
learned from the study. Section six concludes the paper and 
provides future directions of the study.       

2. Background and Related Works 
This section will explain the concepts of prosthetics control, 
MSDF, and motile fusion. It also explains why motile 
fusion will be a good tool for prosthetic control and how to 
build connections between motile fusion and prosthetic 
control.  
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2.1 Prosthetics Control 
Prosthetic control is the conversion of signals acquired from 
neurons to commands for the movement of an 
eletromechanical prosthetic limb. This requires the 
acquisition, interpretation, and execution of the signal in 
order to successfully direct the arm to move as an amputee 
requires it to move.  

Prosthetic control contains several special problems that are 
not addressed by conventional MSDF. The first is the issue 
of using a discrete number of classes to cover a continuous 
space. The errors from grouping continuous values into 
discrete categories may cause jerky movements. Secondly, 
cortical plasticity requires dynamic retraining of classifiers 
and data fusion algorithms, a problem that needs to be 
studied in future work [11], [12]. 

2.2 Classifiers  
In mathematics, a classifier is a mapping from a feature 
space X to a discrete set of labels Y [13]. Classifier 
techniques have a broad range of applications including 
medicine, finance, computer vision, and voice recognition 
[14]. Researchers are using classifiers to extract various 
characteristics of neural signals, which can be used by a 
decision-making device for controlling a computer to 
execute intended actions.  

2.3 Multisensor Data Fusion 
Multisensor Data Fusion (MSDF) is a mathematical 
approach to combining several classifiers together, leading 
to improved results (greater accuracy, faster computation 
time, etc.) [10]. MSDF has many areas of application, 
including land mapping, biometric analysis, automated 
target tracking, handwriting analysis, etc. MSDF yields 
superior decisions comparing to single-classifier schemes 
because there is more information from multiple sensors 
that collect different characteristics. For example, in land 
mapping, radar detection of elevation and visible-light 
detection of vegetation are two different conditions of 
terrain difficulty. Neither sensor could individually contain 
all the details necessary to describe the terrain difficulty. 
Thus, data fusion could be used to assess the terrain by 
taking the input from both sensors into consideration.  

In summary, potential advantages of MSDF are: increasing 
system performance, improving robustness, reducing sensor 
redundancy, extending spatial and temporal coverage, 
shortening response time, and reducing communication and 
computing complexities.  

2.4 Motile Fusion 
Motile fusion is a new category of data fusion that is 
proposed and developed in this paper. It is the application of 
data fusion specifically tailored to the demands and 
characteristics of prosthetic control. Motile fusion is a 
subset of data fusion, but is different from most other 

applications of data fusion in that the motile fusion 
addresses a dynamic decision (e.g. a moving prosthesis). 
This is opposed to image processing data fusion 
applications, which analyzes static pictures. Motile fusion 
also does not have a bias preference – e.g. should 
confusions exist, it cannot give preference to a safer 
technique. This is opposed to some military data fusion 
applications that would give preference towards caution if a 
large number of sensors disagree about the outcome [15].  

2.5 General Techniques in Motile Fusion  
 Weighted Average Vote (WAV): Each classifier places a 

confidence level value for the signal for each class. Each 
classifier may be weighted differently. The class with the 
highest value is selected as the decision class.   

 Behavior Knowledge Space (BKS): Each of i classifiers 
is plotted on an i-dimensional space with values 
representing the classes. Signals are plotted as points on 
this space, and the decision of greatest frequency 
associated with that particular classifier output 
combination is selected as the decision. 

 Bayesian Combination: Takes a training sequence to 
calculate prior probabilities. Unknown signal is inputted 
and class with highest probability is chosen.  

Table 1 Comparison of Decision Fusion Techniques [9] 

3. Motile Fusion Application in For 
Prosthetics Control 

Compared to the data fusion technologies that are used for 
target tracking, topology, and imaging, data fusion for 
prosthetics will face different challenges: 

 It requires real-time decision-making; 
 It usually uses less sensors; 
 It usually has more decision points. 

Fusion  
Algorithm Pros Cons 

Weighted 
Average 
Vote 

Takes into 
considerations 
varying confidence 
levels of classifiers 

Works best with a 
large number of 
classifiers; 
requires disjoint 
classes 

Behavior 
Knowledge 
Space 

Simple and versatile  
Requires large 
amount of 
training data  

Bayesian 
Combination 

Versatile relationship 
between classifiers; 
does not require 
disjoint classes; can 
establish expert 
classifiers for 
different classes 

Large number of 
classifiers may be 
computationally 
tedious 
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All of the above will increase computational and 
communication complexity, which needs to be considered 
in a design.  

3.1 Proposed Data Fusion Framework 
To fulfill Revolutionizing Prosthetics program’s objective, a 
framework has been proposed for the first time by the 
author to use motile fusion techniques for prosthetics 
control. The motile fusion framework is shown in Figure 1. 
The framework consists of three major components: 

 Multiple decisions classifiers – Each classifier is used 
to analyze different signals that dictate different 
attributes associated with the action of the prosthesis.  

 Motile fusion engine - It has multiple data fusion 
algorithms and inference logics – The fusion engine 
serves to integrate several fusion techniques together 
and applies fusion techniques onto fusion algorithms to 
reach a meta-decision that will be executed as a 
command by the prosthesis. 

 Decision feedback channels - It builds a closed loop to 
add one more dimension of information for more 
precise control by adjusting decisions through real-time 
action feedback.  

3.2 Motile Fusion Modeling and Simulation 
In investigating motile fusion techniques MATLAB was 
used to implement data fusion algorithms of the proposed 
framework, which includes the implementations of well-
known fusion algorithms such as Weighted Average Voting 
(WAV) and Behavior Knowledge Space (BKS), in addition 
to the Joint Bayesian Decisions (JBD) proposed by this 
study. The modeling and simulation modules that have been 
implemented are shown in Figure 2.  

3.2.1 Classifier Simulation 
Based on existing research and concepts 1 , we created 
multiple neuron-spike sequences and random noise to 
simulate behaviors of a classifier. Specifically, without 
using the data fusion (see the left half of Figure 2), a 
decision sequence iD  (also the output of a classifier iC ) is 
represented as an addition of an original neuron-spike 
sequence and a random noise function shown in equation 
(1):  

iii EtStC += )()(     (1), 

where )(tCi is the output of the ith classifier; )(tSi  is the ith 
neuron-spike input signal sequence or training set, which 
also serves as the ideal output or decision sequence for 
comparing the fidelity of a fusion algorithm; and iE is the 
noise function used to simulate noises for the ith classifier. 
In the simulation, iE  was generated using a MATLAB 
random number generator with different seeds, which is 
added on or subtracted from the original neuron-spike 
sequence. Using the data fusion (see the right half  
of Figure 2),  iC  is fed into data fusion algorithms that are 
implemented in the fusion engine; then iD  is the ith meta-
decision generated by a data fusion algorithm. iD  
represents the intention of an original neuron-spike signal 
and can be used by a computer to execute a muscle 
movement. 

                                                 
1 An in-depth study on classifiers is beyond the scope of this paper. 
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Figure 1: Proposed Prosthetic Data Fusion Framework  

Figure 2: Motile Fusion Simulation Diagram 
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3.2.2 Weighted Average Vote (WAV) 
One data fusion algorithm used in this study is called the 
Weighted Average Vote (WAV). In WAV, as shown in 
Figure 3, each classifier places a confidence-level value on 
each signal in a decision set. Each classifier may be 
weighted differently because some classifiers may be more 
accurate or have more relevant information than other 
classifiers. The signal with the highest confidence value is 
selected as the final decision.  
The WAV uses the following formula to calculate the 
maximum confidence:  

).2(  )(1maxarg)(
1
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⎛= ∑

==

K
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jii
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j
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Where, Q(t) is the output at any time t; wi is the weight of 
the ith classifier; and yi,j is the jth class of the ith classifier. 
It first calculates the weighted average confidence levels of 
each i of K classifiers )(, xyw jii

, and then chooses the class 
with the highest confidence value among N classes. The 
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ci,j is defined by:  

( ) ( )( )( ))()()()( )()(, xdxyxdxyExxEc jijiji −−== εε      (5), 

where )(xiε  and )(xjε  is the error defined by )()( xdxyi −  
and )()( xdxy j − , respectively. )(xy represents the mean of 

the classifier output, and )(xd represents the ideal data.  

3.2.3 Behavior Knowledge Space (BKS) 
Another method used is called the Behavior Knowledge 
Space (BKS) as shown in Figure 4. It operates by taking 
known training points and comparing them to the input 
signals to find a match, which generates a decision. In BKS, 
each of n classifier is plotted on an n-dimensional space. 
Each classifier presents all of its available decision points 
on its dimension. For example, a BKS with two classifiers, 
one for cortical signals and one for peripheral signals, is on 
a 2-dimensional plane with the x- and y-dimension 
representing the estimated decision by the M1 and 
peripheral classifiers respectively.  
A training set (e.g. known signals for moving an arm) first 
runs through the algorithm to calibrate various classifiers in 
the space. The action associated with each combination of 
classifier outputs is recorded in a decision database called 
the knowledge space. Then an unknown real signal is 
plotted as a point on the plane. The knowledge space takes 
the combination of classifier output and chooses the class 
that most often is associated with the combination of 
classifier output. The output of the BKS will control the 
prosthesis to execute the movement.  

3.2.4 Joint Bayesian Decisions (JBD) 
Enlightened by the previous two algorithms and applying 
Bayesian probabilistic model, the third motile fusion 
algorithm being proposed is called Joint Bayesian Decisions 
(JBD) shown in Figure 5. JBD applies Bayes’ Theorem to 
achieve data fusion [16]. JBD combines classifiers’ outputs 
statistically to decide the most accurate meta-decision. A 
training sequence is fed into the JBD’s Bayes probabilistic 
model. The Bayes logic is trained, and decisions’ likelihood 

Figure 4: Behavior Knowledge Space Algorithm 
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probabilities are decided. When a set of unknown classifier 
outputs arrives, Bayes’ Theorem is applied and a meta-
decision is made. 
For the prosthetic meta-decision, an extension of Bayes’ 
Theorem is applied, which includes all outputs of classifiers 
as an input data set of the fusion algorithm. Each element of 
the input data set works jointly to decide what the right 
decision is. Every possible classifier-decision combination 
is evaluated. A maximum function decides which decision 
has the highest possibility to become a meta-decision. The 
formulae are shown in equations (6) and (7):  

∑
=

= M

i
iiM

kkM
Mk

DpDCCCp

DpDCCCpCCCDp

1
21

21
21

)ˆ()ˆ|,..,,(

  )ˆ()ˆ|,..,,(),..,,|ˆ(

  
(6), 

) ),..,,|ˆ( (maxarg),..,,|( 21121 Mi

M

iM CCCDpCCCDp
=

=   (7),
 

where M is the total number of decisions; iC  is the output 
of the ith classifier; 

iD̂  is the ith element of the meta-
decision. 
The benefit of JBD is that it includes the information of 
WAV and BKS. The prior knowledge used by JBD during 
its training is similar to the weight factor estimations used 
by WAV – both algorithms calculate the weight of different 
classifiers and the accuracies of each classifier for of 
evaluating actions. Similar to the BKS method, the JBD 
method chooses the highest probability decision as the best 
meta-decision.  

3.2.5 Performance Index Calculation 
In order to compare the performance of different motile 
fusion methods, we used the root mean square (RMS) 
method to evaluate the decision accuracy as shown in 
equation (8),  

N

SD
rms

N

i
ii∑

=
−

= 1

2)ˆ(
       (8), 

where N is the total numbers of decision points, 
iD̂  is the ith 

element of the observed set, and iS  is the ith element of the 
classifier output set. 

4. Modeling and Simulation  
4.1 Classifiers’ Output Sequences 
In the simulation, there were two tracks of simulated 
signals, one representing signals from the peripheral nerve 
of the arm and one representing signals from the motor 
cortex. Due to the lack of real classifier output decisions, 
several simulated classifier decision sequences were 
generated. A sequence was 21 seconds long with a total of 
2,100 decisions, each of which was from a 10 millisecond 
(ms) sampling period for an isometric bicep contraction. 
The output decisions from the two classifiers varied due to 
their error models. This reflects different characteristics of 
different neurons that the simulation attempted to capture. 
One such example is using the output of one classifier to 
replace cortical signals and another for peripheral motor 
signals. Cortical neurons tend to have larger error values 
than peripheral motor neurons because there is not a direct 
mapping from decision to action. Though both classifiers 
analyze the signals for the same action, the outputs of each 
classifier vary. To test the data fusion algorithms in a 
variety of classifier scenarios, the error function was 
modulated. Two types of random variations were used: 
Gaussian distributions with different standard deviations 
and uniform distributions with different ranges. 

4.2 Training Sequences 
In order to compare the performance, all three fusion 
algorithms (WAV, BKS, and JBD) used the same 2,100- 
decisions training sequence. Each point included a known 
decision and the outputs of two classifiers related to the 
known decision. The fusion algorithms were then trained: 

 WAV: the training sequence was fed into the WAV 
algorithm to optimize weights, 

 BKS: the training sequence was fed into the BKS 
algorithm to generate the knowledge space, 

 JBS: the training sequence was fed into the JBS 
algorithm to generate likelihoods and prior 
probabilities.  

After training was finished, a sequence of unknown 
classifier outputs was fed into the three data fusion 

Figure 5: Joint Bayesian Decisions (JBD) Algorithm 
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algorithms to produce meta-decision results. These results 
then were compared with the original action sequence to 
assess each algorithm’s performance. To cover a variety of 
important patterns, several sequences with difference error 
patterns were used. Each fusion algorithm performed 
differently based on the input of these sequences.  

4.3 Classifier Simulation  
Two types of classifiers were used; one whose )(tEi  had a 
normal distribution and one whose )(tEi  had a uniform 
distribution. In the normally distributed classifier, the error 
distribution was modeled by rounding ),0()(1 σμ == NtE , 
where 

 0.01} 0.05, 0.1, 0.25, 0.5, {1,∈σ   (9). 

In the uniformly distributed classifier, the error distribution 
was modeled with ].1,1[)(2 −= UtE The first set of 
experiments tested the scenario where two classifiers had 
the same type of error distribution but different σ values. 
The second set of experiments tested the scenario where the 
two classifiers had different types of error distributions. 
Finally, a third set of experiments with the same uniform 
error function at different ranges was used to control for the 
distribution. 

4.4 Performance Index Measurement 
 The performance index measurement was obtained by 
computing RMS onto the output meta-decision sequence 
versus the original action sequence. Five sets of 
experiments were carried out for evaluating the algorithms’ 
characteristics and comparing performance improvement of 
MSDF (WAV, BKS, and JBD) over single classifiers 
(classifier 1 alone and classifier 2 alone). The complete 
experiment settings are summarized in Table 2. 

5  Simulation Results  
Raw signals from the body undergo several transformations 
before being outputted by the classifiers and taken in by the 

decision fusion algorithm. After each step, amount of error 
increases. These accumulative errors were simulated 
through equation (1), where i equaled 2. )(tSi was in the 
form shown in Figure 6, where the x-axis represented time 
in 10ms and y-axis represented force in kg. It was designed 
to simulate an actual isometric bicep sequence, where each 
force was applied from a resting start for one second and 
then relaxed for one second. 2100 10-ms samples were 
taken for this entire sequence, with one sample from each 
10-ms bin. Figure 7 shows the correspondent classifier 
output signal sequence.  

5.1 Analysis of Standard Deviation 
Modulation with Balanced Classifiers  

A comparison of decision fusion algorithms reveals several 
notable characteristics. Figure 8, Figure 9, and Figure 10 
show the RMS error of each classifier alone and in the three 
decision fusion algorithms when two classifiers have the 
same error function. As the standard deviation or range 
decreased, the error from classifier 1 and 2 dropped off 
dramatically in both sets of experiments. This is due to the 
shrinking error, which reduces the probability of differences 
from the original action sequence. (There are small 
discrepancies between C1 and C2, which is caused by 

Table 2 Summary of Experiment Settings 

Classifier 
Error 

Function MSDF Training 
Sequence 

Both: Normal No 1 
Single 1: Normal 

2: Uniform 
No 1 

C1: Normal 
C2: Normal 

C1: Normal 
C2: Uniform 

Normal 
σ = {1, 0.5, 

0.25, 0.1, 0.05, 
0.01}; 

Uniform 
]1,1[−U  

WAV 
BKS 
JBD 

Multiple 

C1: Uniform 
C2: Uniform 

]
2

,
2

[ RangeRangeU −

Range={2, 1.5, 
1.2, 1, 0.5} 

WAV 
BKS 
JBD 

2 
 

Fig. 6 Input & Ideal Output Signal E(t) 

   
 

Fig. 7 Classifier Output Sequence C(t) (σ = 1)  
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randomness of the noise.) Thus, it is not surprising that the 
classifiers and data fusion algorithms improved as the 
standard deviation of the two classifiers’ output data shrank. 
It implies that with an ideal (noiseless) input, both single 
and multiple classifiers will perform well. However, a 
striking fact is that improvement through data fusion is very 
dramatic for classifiers with a large amount of errors. 
Oftentimes, poor information given into an algorithm 
usually yields poor results, but the outputs from the data 
fusion algorithms were substantially better than the single 
classifiers alone. Thus, MSDF’s effects are more potent 
when the classifiers are noisier. In particular, WAV seems 
to outperform the other algorithms by a little, especially 
when standard deviations shrank. This is because weights 
used to calibrate each classifier in WAV reduce the RMS 
and result in improvement over BKS or JDB. 

5.2 Analysis of Standard Deviation 
Modulation with Unbalanced Classifiers  

In an unbalanced classifier (error-function) scenario as 
shown in Figure 10, the improvement from data fusion is 
again apparent. The RMS of poorly performing single 
classifiers (C1 and C2) was over eight times the fused 
RMS. As seen in the previous experiments, a reduction in 
standard deviation is directly correlated with improved 
accuracy of the data fusion algorithms. In particular, BKS 
and JBD yield better results with unbalanced classifiers 
than WAV. This is because WAV averages together both 
classifiers, while BKS and JBD may effectively ignore the 
poor performer. 
Unbalanced classifiers serve to characterize different 
aspects of the data fusion algorithms. Although all three of 
the algorithms have mechanisms to optimize the level of 
information taken from each classifier, the algorithms may 
not completely protect from compromising of the 
classifiers. Surprisingly, the data fusion algorithms were 
much more robust than expected. As the standard deviation 
of the Classifier 1 decreased while the error range of the 
Classifier 2 remained unchanged, the error from the data 
fusion algorithms decreased as well. In fact, it decreased 
almost as much as in the scenario with two balanced 
classifiers. This is an important implication; it indicates 
that balancing classifiers will not be essential. 
5.3 Discussion of Results  
One result that arose from the experiments was that BKS 
and JBD were nearly identical in their accuracy. This is due 
to the mechanisms used by JBD, which calculates prior 
probabilities only from a single value per 10-ms bin. This is 
opposed to WAV, which considers an entire distribution of 
confidence values for each class per 10-ms bin. 
Second, WAV outperforms BKS and JBD with balanced 
classifiers because WAV finds the decision point near the 
center of the individual classifiers’ outputs. In a balanced 
scenario, the ideal decision points are likely to lie between 
the two classifiers’ outputs; it is highly possible that a 
decision from one classifier is higher and the other is lower 

than the ideal decision. BKS and JBD do not utilize this 
characteristic of balanced classifiers, which results in 
relatively poorer performance. Thus, correlation between 
the classifiers may undermine the robustness of BKS and 
JBD.  
Third, unbalanced classifiers with large error yield better 
results from BKS and JBD than from WAV. This stems 

Figure 10: Unbalanced Classifier Performance RMS Comparison 

Comparison of RMS for Fusion Algorithms and Single Classifiers
(Classifier 1: Normal Noise; Classifier 2: Uniform Noise)

0

1

2

3

4

5

6

7

8

9

1 0.5 0.25 0.1 0.05 0.01

Standard Deviations

R
M

S

WAV BKS JBD C1 C2

Comparison of RMS for Fusion Algorithms and Single Classifiers
(Classifier 1: Normal Noise; Classifier 2: Normal Noise)

0

1

2

3

4

5

6

7

8

9

10

1 0.5 0.25 0.1 0.05 0.01

Standard Deviations
R

M
S

WAV BKS JBD C1 C2
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from the fact that WAV averages the two classifiers 
together, so the real decision point is assumed to be between 
the outputs of the two classifiers’ decision points. WAV 
assumes that the ideal decision points are between the 
outputs of the classifiers. However, as one class is highly 
inaccurate relative to the other, the range between the 
outputs of the two classifiers for any one 10-ms bin will 
fluctuate wildly, undermining the accuracy of WAV. BKS 
and JBD do not suffer from this problem because its 
training set is not based on the assumption that the ideal 
class is between the outputs of the classifiers. Thus, BKS 
and JBD do not suffer from the fluctuations that affect 
WAV. 

6 Conclusion 
MSDF yields noticeable improvements in decision 
accuracy, and the combination of classifiers with different 
strengths do not undermine the quality of the data fusion. 
Thus, it appears that data fusion is a viable technology that 
can be applied to prosthetics control. Furthermore, the Joint 
Bayesian Decision fusion technique holds promise as a data 
fusion algorithm. As the results show, the unbalanced 
nature of combining cortical and peripheral neurons in a 
data fusion system will not be a hindrance to the 
performance of the system.  
The next step in implementing data fusion onto a real 
prosthetic will be the collection of real neural signals and 
applying data fusion techniques onto cortical and peripheral 
signals. Furthermore, feedback channels can be 
implemented into the architecture to fine-tune directional 
movement. Finally, different data fusion techniques can be 
combined into hierarchical data fusion architecture, or novel 
data fusion techniques can be created that are tailored to the 
unique demands that prosthetic control has on decision 
fusion and MSDF in general. The use of multiple 
classifiers in conjunction with data fusion is just the first 
step in a long journey of decoding and elucidating the 
mechanisms of the brain [17].  
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