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(@) (b)

Figure 6.1: Epileptic seizure detection accuracy versus the reservoir size and alpha for (a) Ring
topology with maximum accuracy of 86% and (b) Hybrid topology with maximum accuracy of
90%.

6.1.2 Emotion Recognition

Two emotional statuses are tested in this work: anger and neutral. The restricted analysis of
two emotional statuses was chosen to simplify hardware testing and reservoir parameters
optimization. The dataset and feature extractor used for emotion recognition are discussed
in chapter 5. A total of 156 audio signals were used for both training and testing purposes
(110 for training and 46 for testing). The random topology is used for the emotion recog-
nition. Repeated sets of simulations were conducted to find the best values of the size of
the reservoir, degree of connectivity and the short memory parameter alpha. 1000 individ-
ual simulation runs were conducted with different reservoir sizes (10-500) and degrees of
connectivity (5 — 100%). Figure 6.2 shows the testing accuracy of each simulation. It was
found that the 190 node reservoir with 20% degree of connectivity has the best accuracy.
These values were used to conduct another experiment to find the best Alpha value. The
experiment included 100 distinct simulation runs with different Alpha values (0.01-1.0).
Figure 6.3 shows results of this experiment where the best testing accuracy was achieved

when Alpha value ~0.25.
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Accuracy vs Reservoir Nodes and Connectivity
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Figure 6.2: The effects of the number of nodes within the reservoir and the degree of connectivity of

those nodes on the testing accuracy at Alpha ~0.25. The best accuracy is observed at ~190 nodes
and ~ 20% connectivity.
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Figure 6.3: The short memory parameter Alpha verses testing accuracy at 190 reservoir nodes with
20% connectivity. Best accuracy is observed at Alpha ~0.25.

One readout layer node was sufficient to classify the two emotional status (Neutral and

Anger). The output of this node is compared against a threshold value to calculate the
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final binary output. Figure 6.4 show the expected output, actual output vs threshold value,
and predicted output. Different threshold values were used to enhance the classification
accuracy. Figure 6.5 shows best training and testing accuracy versus different threshold

values. Both training and testing reached ~96% accuracy.
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Figure 6.4: Signal propagation through ESN for speech emotion recognition at (a) Test expected,
output signal Vs threshold, and test predicted.
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Accuracy Vs threshold
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Figure 6.5: The classification accuracy of ideal hardware behavior model of the ESN with 190
reservoir nodes at 20% degree of connectivity and Alpha ~0.25 The best test accuracy is 96.5%.

6.1.3 Prosthetic Fingers Control

Five classes of individual finger motions are used in this work. The dataset and feature
extractor used for this application are discussed in chapter 5. Each class contains 24 EMG
segments of length 20 seconds. The segments are divided into smaller parts of length 4
seconds. This will increase the total number of segments to 120 per class. 100 segments
are used for training while the rest 20 segments are used for testing. The hybrid ESN
topology is used for finger motion classification. Eight input nodes are used (one node for
each EMG channel) while five nodes are used for the output (one node per class). The
output signals of these nodes are processed using winner-take all method to calculate the
final binary output. The performance of the hybrid topology was analyzed to find the best
parametric values. Several simulations were conducted over varied reservoir size and alpha
values. Figure 6.6 shows the test accuracy vs reservoir size and alpha. The average accuracy
of ten trials for each combination of size and alpha is showed in this figure. The accuracy
increase as the size of the reservoir increase for the sizes lower than 300 nodes. However,
the accuracy stabilizes in a range for the larger reservoir sizes. The maximum training
and testing accuracy achieved is 87% and 84% respectively. Figure 6.7 shows confusion

matrices of classification accuracy of training and testing.
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Accuracy vs reservoir nodes and alpha for hybrid topology

—
J

o
(o)
L

Accuracy [%]
o
o
'l

0.44
0.2:L
400
200
o 0
Number of Nodes Alpha

Figure 6.6: The effects of the number of nodes within the reservoir and alpha on the testing accuracy
of finger motion recognition using hybrid topology.
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Figure 6.7: Confusion matrix of fingers classification from surface EMG signals using 300 nodes
hybrid reservoir for (a) training with accuracy of 87% and (b) testing with accuracy of 84%.

Some applications of human computer interaction may require recognition of one finger
motion. For instance, a signal that can be used to control an on/off button. In such applica-
tion, the classification problem is simplified; instead of recognizing which exact finger is
moving, this application test for movement of a specific finger. The idea is to answer the

question: is finger X is moving or not? regardless of the situation of other fingers. This can
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be implemented using different post processing step. Instead of winner-take all, a threshold

comparator can be used for each output node. In this application the accuracy increase to a

range from 88% to 95%. Figure 6.8 shows the classification accuracy vs different threshold

value for the five classes. Each class has different threshold value that gives the maximum

accuracy.
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Figure 6.8: Classification accuracy of individual finger motion. The accuracy is in a range from

88% to 95%.
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6.2 Reservoir Metrics

The performance of the reservoir is dependent on the randomly generated weights of the
reservoir and several other parameters such as alpha and reservoir size. Finding the best
values for these parameters has been an open question. The over all performance of the
reservoir has been used to study effect of these parameters. This requires a complete train-
ing of the reservoir for a specific application, which takes long time and requires more
processing resources. Further more the best parameter values may vary depending on the
targeted application. More general metrics that are independent from the target output are
required to test the reservoir. These reservoir metrics are measurements of the quality of the
reservoir. Several metrics have been proposed in the literature [40, 18]. Chrol-Cannon et al.
[12] compared the ability of four reservoir metrics to measure the performance of several
reservoir topologies. The reservoir metrics used in this study are: class separation, kernel
quality, Lyapunove’s exponent, and spectral radius. Results showed that kernel quality and
Lyapunove’s exponent strongly correlate with reservoir performance. These two metrics
are used in this work for the hybrid topology while processing two types of data: EEG and
EMG. They are used to study the effect of reservoir size on the quality of the reservoir. The
test is implemented over varied reservoir sizes 10 to 100 node. To study the stabilization of

these metrics hundred trials are used for each size.

6.2.1 Kernel quality

Kernel quality is a measure of linear separation property of the reservoir. It is first presented
in [32] and proposed by Chrol-Cannon et al. [12] as a reservoir metric. The reservoir
response to the whole set of input vectors is used to calculate this metric. The whole
reservoir states are concatenated in a matrix M where each column in M represents reservoir
response to one input vector. The kernel quality is calculated by taking the rank of this
matrix. It represents the network freedom to represent each input stimulus differently. The
target kernel value is equal to the size of the reservoir which means that each reservoir node
generate its unique response that can’t be regenerated by using linear combinations of the

responses of the other nodes.
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Figure 6.9 shows kernel quality results for the hybrid reservoir topology processing
EEG and EMG signals. The median of kernel quality values are close to the target for
different reservoir sizes for both EEG and EMG signals. Results also showed that there is
variation of the kernel quality values especially for reservoir sizes larger than 50 node. This
variation is a result of the randomly generated weight for the input and reservoir synapse
where low kernel quality value could be a result of unsuitable set of random weights. In
general the kernel quality value for EMG data seems more stable compared to those of
EEG data. The nature of the input signals could be behind this small difference between
the EEG and EMG.

Kernel quality results for EEG
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Figure 6.9: Kernel results vs different reservoir sizes for hybrid topology reservoir testing (a) EEG
and (b) EMG signals.
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6.2.2 Lyapunov’s Exponent

Lyapunov’s exponent is a measure of the chaos in the dynamic response of the reservoir.
This metric was formulated in [18]. Equation 6.1 is used to calculate Lyapunov’s exponent
value. Positive values of this metric represent the chaotic dynamic region while negative
values represent the stable region. Since the optimal reservoir performance occurs at the

edge of chaos, Lyapunove’s exponent of zero is desirable.

0 =500 o
(

N
At) = kn;m ) f)H

where u(¢) is an input to the reservoir at time step 7. u(t) is the nearest neighbor to u;(r).

)
xj(t) and x(t) are the reservoir response to u;(¢) and u(r) respectively.

Figure 6.10 shows Lyapunov’s exponent results for the hybrid reservoir topology pro-
cessing EEG and EMG signals. Results showed that the values of this metric are higher
than zero for EEG signals while it showed that they are around zero for EMG signals. This
means that the hybrid topology has more chaotic response to the EEG signals compared
to the response of the EMG signals. It also showed that the size of the reservoir process-
ing the EEG signals has low effect on the value of Lyaponv’s exponent compared to the
reservoir processing the EMG signals. As in kernel quality, there is variation in the values
of Lyapunov’s exponent and this is also attributed to the random weights of the input and

reservoir synapses.
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Lyapunov exponent results for EEG
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Figure 6.10: Lyapunov’s exponent results vs different reservoir sizes for hybrid topology reservoir
testing (a) EEG and (b) EMG signals.

6.3 Power

Power dissipation of four different reservoir topologies is analyzed. The average dynamic
power dissipation is measured in HSPICE for small size reservoirs. The maximum cur-

rent 1,4 used in the simulation is 10uA. These measurements are quantitatively scaled for
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larger reservoir sizes. Figure 6.11 shows the power dissipation of three reservoir topolo-
gies, one way ring, two way ring, and hybrid, over different reservoir sizes. The power
dissipation of the three topologies is in tens mile watts. Results showed that the one way
ring topology has lower power consumption compared to the two way ring and hybrid
topologies. This is attributed to the small number of synapses that the one way ring topol-
ogy has where each reservoir layer node has only one synapse. Results also showed that
the relation between power dissipation of these topologies and reservoir size is linear. This
implies that there is no power dissipation overhead for increasing the size of the reservoir.
Figure 6.12 shows the power results for four reservoir topologies: one way ring, two way
ring, hybrid and random. The random topology has higher power dissipation (in order of
several watts) because it has high number of synapses compared to the other topologies. It
also showed that the power dissipation of the random topology is exponentially related to
the size of the reservoir. For this reason the random topology is not desired for the hard-
ware implementation. The power consumption of these topologies can be reduced using

subthreshold designs and other power reduction techniques.

Power consumption vs reservoir size
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Figure 6.11: Power consumption vs reservoir size of three ESN topologies: one way ring, two way
ring, and hybrid. The ring topology has lower power consumption compared to the other topologies.
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Power consumption vs reservoir size
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Figure 6.12: Power consumption vs reservoir size of four ESN topologies: one way ring, two way
ring, hybrid, and random. The random topology has higher power consumption compared to the
other topologies.

6.4 Summary

Three reservoir topologies, ring, hybrid, and random are used for the three applications
implemented in this work. The ring and hybrid topologies are used for epileptic seizure de-
tection. The maximum accuracy achieved using the ring and hybrid reservoir topologies is
86% and 90% respectively. The random topology is used for the emotion recognition with
accuracy of 96%. The hybrid topology is used for prosthetics finger control with accuracy
of 84%. Reservoir quality is analyzed for the hybrid topology using two reservoir met-
rics: kernel quality and Lyapunov’s exponent. Results showed that the hybrid topology has
more stable response to the EMG signals compared to the response to the EEG signals. The
power dissipation of different reservoir topologies is also analyzed. Results showed that the
one way ring topology has lower power consumption compared to the other topologies. It
also showed that the random topology has very high power consumption which makes it

undesirable topology for hardware implementation.



61

Chapter 7

Conclusions and Future Work

7.1 Conclusions

This thesis work proposed a neuromemristive ESN architecture. ESN is a recurrent neural
network that has simplified training algorithm. It has been applied to several spatiotemporal
recognition problems. The untrained recurrent connections within the ESN are used as filter
for extraction of features in the temporal domain. The output of this filter is used to train
the output layer of the ESN using linear regression. The proposed ESN neurmemristive
architecture is useful for power constrained devices. Mixed-signal circuits have high design
cost, but are the prime choice for realizing ESNs. The proposed architecture uses the 2-D
mesh network and doubly twisted toroidal network as interconnection platforms. Several
ESN topologies are implemented on the proposed architecture. The work also proposed a
hybrid ESN topology that has low number of synapses and high connectivity. The choice
between the ESN topologies is determined by the accuracy of the the target application,
input data stream, and hardware resource availability.

Three medical and human computer interaction applications are used to test the pro-
posed architecture. The architecture achieved an accuracy of 90%, 96%, and 84% for
epileptic seizure detection, speech emotion recognition and prosthetic fingers control. The
quality of the ESN is analyzed using kernel quality and Lyapunov’s exponent metrics. The
power consumption of different ESN topologies is also analyzed. The power dissipation
of the one way ring, two way ring, and hybrid topology is in tens mile watts. The ran-
dom topology has higher power consumption compared to the ring and hybrid topologies.
In general, for the applications tested in this work ESN performance is comparable to the

state-of-the-art.
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7.2 Future Work

The architecture proposed in this work can be used for applications in other therapeutic sys-
tems and body sensors such as diagnose of neuromuscular disease, analysis of ECG/EKG
signals, and prediction of epileptic seizures. Such power constrained devices are on the top
of list of applications that can benefits from the neuromemristive architectures. Further-
more, the applications used in this work can be expanded. For instance, more emotional
statuses can be used in the speech emotion recognition instead of only two statuses. Com-
bined finger motions can be added to the prosthetic finger control. Other ESN topologies
can be explored to increase the accuracy of the system and reduce hardware requirements.

Training circuitry for the memristors can be incorporated in this system. Such circuits
can be used for on chip training. To reduce the power consumption of the architecture,
other synapse and neuron circuit models can be used. These new circuit models can directly
replace the current circuits where the proposed architecture is not constrained to specific
circuits. Subthreshold designs and other power reduction techniques are also a suggested
to reduce the power consumption. The proposed architecture can be expanded for other

types of reservoirs such as liquid state machine.
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Appendix A

Derivation for Hybrid Topology

A.1 is the traditional equation to calculate the state of the reservoir
X(n+1) = f (Wipu[n+ 1] + Wx[n]) (A.1)

The second part of this equation Wyx(n) represents the interconnections within the
reservoir layer. This part can be used to calculate the state of the reservoir layer indepen-
dently from the input layer. In other words, if there are R nodes in the reservoir layer, this
part can be modified to calculate the state of one node in the reservoir layer x(s) as shown
in equation A.2. For derivation purposes, equation A.2 neglects the reservoir activation

function f™* and the input to the network u.

R
X(s) = ;Wx<s><r>x<r> (A.2)

Wy in equation A.2 can be divided into two groups: W1, and W2. As shown in

equation A.3.

x(s) = ; W1, (s)W2, (r)x(r) (A.3)

= x(s5) = Wil,(s) ; W2, (r)x(r) (A.4)

A.4 can be divided into two parts as shown in equation A.5 and A.6.

Xc = iWZX(r)X(r) (AS)
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x(s) = W1, (s)Xe (A.6)

Equation A.5 is used to calculate the state of the center node Xc. This node is fully
connected to all nodes in the reservoir layer. Based on Xc the state at one node x(s) in the
reservoir layer can be calculated as shown in equation A.6. For convenience W1, and W2,

are named Wy,,,, and W, respectively.

R
= Xe =Y Wy, (r)x(r) (A7)

= X(5) = Wpnn(5)Xc (A.8)

These two equations A.7 and A.8 are used in to calculate the state of the reservoir
layer of the center node topology. Combining these equations with the equation of the ring

topology gives the equation for the hybrid topology as shown in equation A.9.

X(5) = Waown(s) X+ Wjne (s)x(s — 1) (A.9)

Equation A.9 can be generalized to calculate the state of all nodes in the reservoir layer
of the hybrid topology as shown equation A.10. This equation considers the input to the

network and the reservoir activation function.

>
X[I’l] = fres (Winu[n] + WaounXe + WringX[n - 1]) (A.10)
<



65

Bibliography

[1] An introduction to epilepsy. http://www.epilepsy.com/.
[2] Towards intelligent computing with neuromemristive circuits and systems, 2014.

[3] Ralph G. Andrzejak, Klaus Lehnertz, Florian Mormann, Christoph Rieke, Peter
David, and Christian E. Elger. Indications of nonlinear deterministic and finite-
dimensional structures in time series of brain electrical activity: Dependence on
recording region and brain state. Phys. Rev. E, 64:061907, Nov 2001.

[4] Ramon Beivide, Enrique Herrada, Jose L Balcazar, and Jesus Labarta. Optimized
mesh-connected networks for simd and mimd architectures. In Proceedings of the
14th annual international symposium on Computer architecture, pages 163—170.
ACM, 1987.

[5] J. Burger and C. Teuscher. Variation-tolerant computing with memristive reservoirs.
In Nanoscale Architectures (NANOARCH), 2013 IEEE/ACM International Sympo-
sium on, pages 1-6, July 2013.

[6] Felix Burkhardt, Astrid Paeschke, Miriam Rolfes, Walter F Sendlmeier, and Benjamin
Weiss. A database of german emotional speech. In Interspeech, volume 5, pages
1517-1520, 2005.

[7] Lars Biising, Benjamin Schrauwen, and Robert Legenstein. Connectivity, dynamics,
and memory in reservoir computing with binary and analog neurons. Neural compu-
tation, 22(5):1272-1311, 2010.

[8] Pieter Buteneers, Benjamin Schrauwen, David Verstraeten, and Dirk Stroobandt.
Epileptic seizure detection using reservoir computing. In /9th Annual Workshop on
Circuits, Systems and Signal Processing, 2008.

[9] Pieter Buteneers, David Verstraeten, Pieter van Mierlo, Tine Wyckhuys, Dirk
Stroobandt, Robrecht Raedt, Hans Hallez, and Benjamin Schrauwen. Automatic de-
tection of epileptic seizures on the intra-cranial electroencephalogram of rats using
reservoir computing. Artificial intelligence in medicine, 53(3):215-223, 2011.



66

[10] Jose M Camara, Miquel Moreto, Enrique Vallejo, Ramon Beivide, Jose Miguel-
Alonso, Carmen Martinez, and Javier Navaridas. Twisted torus topologies for en-
hanced interconnection networks. Parallel and Distributed Systems, IEEE Transac-
tions on, 21(12):1765-1778, 2010.

[11] Aaron Carroll and Gernot Heiser. An analysis of power consumption in a smartphone.
In USENIX annual technical conference, pages 1-14, 2010.

[12] Joseph Chrol-Cannon and Yaochu Jin. On the correlation between reservoir metrics
and performance for time series classification under the influence of synaptic plastic-
ity. PLoS ONE, 9(7):¢101792, 07 2014.

[13] Leon Chua. Resistance switching memories are memristors. Applied Physics A,
102(4):765-783, 2011.

[14] L.O. Chua. Memristor-the missing circuit element. Circuit Theory, IEEE Transactions
on, 18(5):507-519, Sep 1971.

[15] Roddy Cowie, Ellen Douglas-Cowie, Nicolas Tsapatsoulis, George Votsis, Stefanos
Kollias, Winfried Fellenz, and John G Taylor. Emotion recognition in human-
computer interaction. Signal Processing Magazine, IEEE, 18(1):32-80, 2001.

[16] Colin Donahue, Cory Merkel, Qutaiba Saleh, Levs Dolgovs, Yu Kee Ooi, Dhireesha
Kudithipudi, and Bryant Wysocki. Design and analysis of neuromemristive echo state
networks with limited-precision synapses. page Under print, 2015.

[17] Idongesit E. Ebong and Pinaki Mazumder. CMOS and memristor-based neural net-
work design for position detection. Proceedings of the IEEE, 100(6):2050-2060, June
2012.

[18] Thomas E Gibbons. Unifying quality metrics for reservoir networks. In Neural Net-
works (IJCNN), The 2010 International Joint Conference on, pages 1-7. IEEE, 2010.

[19] Jennifer Hasler and Bo Marr. Finding a roadmap to achieve large neuromorphic hard-
ware systems. Frontiers in neuroscience, 7, 2013.

[20] K Ishu, Tijn van Der Zant, Vlatko Becanovic, and P Ploger. Identification of mo-
tion with echo state network. In OCEANS’04. MTTS/IEEE TECHNO-OCEAN’ 04,
volume 3, pages 1205-1210. IEEE, 2004.

[21] Herbert Jaeger. The echo state approach to analysing and training recurrent neural
networks — with an erratum note. Bonn, Germany.: German National Research Center
for Information Technology GMD Technical Report, 148:34, 2001.



[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

67

Herbert Jaeger. Adaptive nonlinear system identification with echo state networks. In
Advances in neural information processing systems, pages 593—600, 2002.

Herbert Jaeger. Tutorial on training recurrent neural networks, covering BPPT, RTRL,
EKF and the” echo state network” approach. GMD-Forschungszentrum Information-
stechnik, 2002.

Bekir Karlik, M Osman Tokhi, and Musa Alci. A fuzzy clustering neural network
architecture for multifunction upper-limb prosthesis. Biomedical Engineering, IEEE
Transactions on, 50(11):1255-1261, 2003.

Kevin G Keenan, Dario Farina, Roberto Merletti, and Roger M Enoka. Influence
of motor unit properties on the size of the simulated evoked surface emg potential.
Experimental brain research, 169(1):37-49, 2006.

KevinG. Keenan, Dario Farina, Roberto Merletti, and RogerM. Enoka. Influence
of motor unit properties on the size of the simulated evoked surface emg potential.
Experimental Brain Research, 169(1):37-49, 2006.

Rami N Khushaba and Sarath Kodagoda. Electromyogram (emg) feature reduction
using mutual components analysis for multifunction prosthetic fingers control. In
Control Automation Robotics & Vision (ICARCV), 2012 12th International Confer-
ence on, pages 1534-1539. IEEE, 2012.

Norito Kokubun, Masahiro Sonoo, Tomihiro Imai, Yumiko Arimura, Satoshi
Kuwabara, Tetsuo Komori, Masahito Kobayashi, Takahide Nagashima, Yuki
Hatanaka, Emiko Tsuda, et al. Reference values for voluntary and stimulated single-
fibre emg using concentric needle electrodes: a multicentre prospective study. Clinical
Neurophysiology, 123(3):613-620, 2012.

Manjari S Kulkarni and Christof Teuscher. Memristor-based reservoir computing. In
Nanoscale Architectures (NANOARCH), 2012 IEEE/ACM International Symposium
on, pages 226-232. IEEE, 2012.

Duygu Kuzum, Shimeng Yu, and HS Philip Wong. Synaptic electronics: materials,
devices and applications. Nanotechnology, 24(38):382001, 2013.

Kijoon Lee. Sample entropy, 2012. http://www.mathworks.com/matlabcentral/fileex-
change/35784-sample-entropy.

Robert Legenstein and Wolfgang Maass. Edge of chaos and prediction of computa-
tional performance for neural circuit models. Neural Networks, 20(3):323-334, 2007.



[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

68

Matilde Leonardi and T Bedirhan Ustun. The global burden of epilepsy. Epilepsia,
43(s6):21-25, 2002.

Mantas LukoSEviclus and Herbert Jaeger. Reservoir computing approaches to recur-
rent neural network training. Computer Science Review, 3(3):127-149, 2009.

Mantas LukoSevicius, Herbert Jaeger, and Benjamin Schrauwen. Reservoir comput-
ing trends. KI-Kiinstliche Intelligenz, 26(4):365-371, 2012.

Wolfgang Maass, Thomas Natschlger, and Henry Markram. Real-time computing
without stable states: A new framework for neural computation based on perturba-
tions. Neural Computation, 14(11):2531 — 2560, 2002.

Carlos Martinez, Ramon Beivide, Esteban Stafford, Miquel Moretd, and Ernst M
Gabidulin. Modeling toroidal networks with the gaussian integers. Computers, IEEE
Transactions on, 57(8):1046-1056, 2008.

C. Mead. Neuromorphic electronic systems. Proceedings of the IEEE, 78(10):1629—
1636, Oct 1990.

Cory Merkel, Qutaiba Saleh, Colin Donahue, and Dhireesha Kudithipudi. Memristive
reservoir computing architecture for epileptic seizure detection. Procedia Computer
Science, 41(0):249 — 254, 2014. 5th Annual International Conference on Biologically
Inspired Cognitive Architectures, 2014 {BICA}.

David Norton and Dan Ventura. Improving liquid state machines through iterative
refinement of the reservoir. Neurocomputing, 73(16):2893-2904, 2010.

Yu V Pershin and Massimiliano Di Ventra. Spin memristive systems: Spin memory
effects in semiconductor spintronics. Physical Review B, 78(11):113309, 2008.

Angkoon Phinyomark, Franck Quaine, Sylvie Charbonnier, Christine Serviere,
Franck Tarpin-Bernard, and Yann Laurillau. Emg feature evaluation for improv-
ing myoelectric pattern recognition robustness. Expert Systems with Applications,
40(12):4832-4840, 2013.

Matthew D Pickett, Dmitri B Strukov, Julien L Borghetti, J Joshua Yang, Gregory S
Snider, Duncan R Stewart, and R Stanley Williams. Switching dynamics in titanium
dioxide memristive devices. Journal of Applied Physics, 106(7):074508, 2009.

Jeyavijayan Rajendran, Harika Manem, Ramesh Karri, and Garrett S. Rose. An
energy-efficient memristive threshold logic circuit. [EEE Transactions on Comput-
ers, 61(4):474-487, 2012.



69

[45] M.B.I. Reaz, M.S. Hussain, and F. Mohd-Yasin. Techniques of emg signal analysis:
detection, processing, classification and applications. Biological Procedures Online,
8(1):11-35, 2006.

[46] MBI Reaz, MS Hussain, and Faisal Mohd-Yasin. Techniques of emg signal analysis:
detection, processing, classification and applications. Biological procedures online,
8(1):11-35, 2006.

[47] Joshua S Richman and J Randall Moorman. Physiological time-series analysis using

approximate entropy and sample entropy. American Journal of Physiology-Heart and
Circulatory Physiology, 278(6):H2039—-H2049, 2000.

[48] Ali Rodan and Peter Tino. Minimum complexity echo state network. Neural Net-
works, IEEE Transactions on, 22(1):131-144, 2011.

[49] Rodrigo Sacchi, Mustafa C Ozturk, Jose C Principe, Adriano AFM Carneiro, and
Ivan Nunes da Silva. Water inflow forecasting using the echo state network: a brazil-
ian case study. In Neural Networks, 2007. IJCNN 2007. International Joint Confer-
ence on, pages 2403-2408. IEEE, 2007.

[50] Qutaiba Saleh, Cory Merkel, Dhireesha Kudithipudi, and Bryant Wysocki. Memris-
tive computational architecture of the echo state networks for real-time speech emo-
tion recognition. page Under print, 2015.

[51] Klaus R Scherer, Tom Johnstone, and Gundrun Klasmeyer. Vocal expression of emo-
tion. Handbook of affective sciences, pages 433-456, 2003.

[52] Stefan Scherer, Mohamed Oubbati, Friedhelm Schwenker, and Giinther Palm. Real-
time emotion recognition from speech using echo state networks. In Artificial neural
networks in pattern recognition, pages 205-216. Springer, 2008.

[53] Carlo H Sequin. Doubly twisted torus networks for vlsi processor arrays. In Proceed-
ings of the 8th annual symposium on Computer Architecture, pages 471-480. IEEE
Computer Society Press, 1981.

[54] Mark D Skowronski and John G Harris. Automatic speech recognition using a pre-
dictive echo state network classifier. Neural networks, 20(3):414-423, 2007.

[55] Dmitri B Strukov, Gregory S Snider, Duncan R Stewart, and R Stanley Williams. The
missing memristor found. Nature, 453(7191):80-3, May 2008.



[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

70

Abdulhamit Subasi, Mustafa Yilmaz, and Hasan Riza Ozcalik. Classification of emg
signals using wavelet neural network. Journal of neuroscience methods, 156(1):360—
367, 2006.

Matthew H Tong, Adam D Bickett, Eric M Christiansen, and Garrison W Cot-
trell. Learning grammatical structure with echo state networks. Neural Networks,
20(3):424-432, 2007.

Andres Upegui and Eduardo Sanchez. Evolving hardware with self-reconfigurable
connectivity in xilinx fpgas. In Adaptive Hardware and Systems, 2006. AHS 2006.
First NASA/ESA Conference on, pages 153—162. IEEE, 2006.

Y. Li X. Jiang. A kind of audio data retrieval method based on mfcc[j]. Computer
and Digtal Engineering, 36(9):19-21, 2008.

Petros Xanthopoulos, Steffen Rebennack, Chang-Chia Liu, Jicong Zhang, Gregory
Holmes, Basim Uthman, and Panos Pardalos. pages 14-19, 2010.

Hong-Bo Xie, Tianruo Guo, Siwei Bai, and Socrates Dokos. Hybrid soft computing
systems for electromyographic signals analysis: a review. Biomedical engineering
online, 13:8, 2014.

Yulu Yang, Akira Funahashi, Akiya Jouraku, Hiroaki Nishi, Hideharu Amano, and
Toshinori Sueyoshi. Recursive diagonal torus: an interconnection network for mas-

sively parallel computers. Parallel and Distributed Systems, IEEE Transactions on,
12(7):701-715, 2001.

Xu Zhang and Ping Zhou. Sample entropy analysis of surface emg for improved
muscle activity onset detection against spurious background spikes. Journal of Elec-
tromyography and Kinesiology, 22(6):901-907, 2012.



